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Abstract
Previous studies show that search engine query data is a valuable predictor for tour-
ism demand forecasting. The goals of this study are to identify the current positions 
of hotels in the perception of the customer and to propose a method for practitioners 
to increase the visibility of consumer’s mind perception of hotel brands. The study 
used volume of travel queries 30 hotel chains in the Turkey constructed from Google 
Trends and analyzed search query time series data (2014–2018). To visualize the 
position of brands was conducted social network analysis techniques. The results 
show that search engine query data regarding hotels reveal the positioning consum-
er’s mind of hotels. The study offers that Google Trends data is useful. In addition, 
the study proposes a method for practitioners. Tourism businesses could use search 
engine data to reveal its place in the consumer’s mind and change the consumer per-
ception over the years. 
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1  Introduction

In recent years, consumers’ searches on the Internet have played an important role 
in their purchasing decisions. Searching for information on search engines reduces 
consumers’ uncertainty in purchase-related decision-making, maximizes their sat-
isfaction, and takes less time (You et al. 2015). Google’s search engine gathers the 
web search traffic information of individuals and provides it in Google Trends. 
Google Trends launched by Google in 2006. It can be filtered by category, search 
type, geographic location and time range. Google Trends provides unfiltered sam-
ple of actual search requests made to Google.  It shows the relative search volume 
of popular search terms over time and so reflects individuals’ interest by particu-
lar search terms across different regions and topical domains (Höpken et al. 2019). 
Search engine data have helped researchers to investigate a variety of past and now 
issues and to forecast future trends (Padhi and Pati 2017). Google Trends makes an 
index for user’s search intensity based on over the time period requested in a geo-
graphical area. It is scaled from 0 to 100. Zero shows that searches made by very 
few people. However, 100 shows that the day had the most searches for the specific 
term. A search-term query returns searches for an exact search-term (in any lan-
guage). However, a topic query returns related search-terms.

The search query data are important for both researchers and practitioners 
because they provide more information about consumer search behaviors. There-
fore, the data attract their attention (Jun and Park 2017; Dinis et al. 2019). Yang 
et  al. (2014) stated that search engine data offer important advantages such as 
revealing preferences in real time, providing data at a relatively high frequency, 
and tracking changes in consumers’ preferences.

Search engine actively used by most people at least a few times. People have 
done 40.000 search every second on average, 3.5 billion searches per day and 1.2 
trillion searches per year  worldwide on Google (Livestats 2020). People have 
used search engines to get information about brands, services, campaigns and 
customer comments in the many sectors such as food, health, transportation, 
banking, tourism. This study was conducted on the tourism sector.

Tourism sector is also important it in Turkey as it is important in many coun-
tries (France, Italy, Spain etc.). Currently, Turkey generates only a small share of 
the world’s tourism, yet there is tourism potential in Turkey. Although Turkey’s total 
tourism income was $13.854 billion in 2003, this figure was $29.512 billion in 2018 
(TÜRSAB 2019). The figure was $34.5 billion in 2019 (Anadolu Ajansı 2020). The 
number of tourists in Turkey rank it eighth in the world and fourteenth in terms 
of tourism revenue (T.C. Kültür ve Turizm Bakanlığı 2019). When the global tour-
ism movements are examined, it reached 1.5 billion people with an increase of 3.8% 
compared to the previous year (in 2019) while the number of people participating in 
international tourism movements in 2005 was 807 million (World Tourism Organi-
zation 2020a). In addition, Murugan (2013) forecasts a global shift in opted destina-
tion of global tourism by 2030 (specifically, a 27% growth in emerging economies).

Currently, the COVID-19 pandemic has negative impact on tourism sector 
around the world. According to The World Travel and Tourism Council (WTTC)’s 



59

1 3

Can Google Trends data provide information on consumer’s…

Economic Impact Report; the travel and tourism sector suffered US$4.5 tril-
lion Travel Tourism GDP loss in 2020. This is relative to a 3.7% GDP decline of 
the global economy. In addition, domestic traveler spending decreased by 45% 
while international visitor spending decreased by 69.4% as a result of COVID-19. 
Moreover, 62 million jobs were lost around the world (− 18.5%). In Turkey, total 
travel and tourism GDP change (in 2020) is 54.2%, share of total travel and tour-
ism spending 2020 is 47.2% for domestic and 52.8% for international. The sector 
spending change 2020 is for domestic 41.8% and for international 65.2% (WTTC 
2021). UNWTO Panel Experts foresee a  rebound  in tourism, in the third quar-
ter of 2021 and a return to before pandemic 2019 levels not before 2023 (World 
Tourism Organization 2020b).

This study deals with both the visualization of a brand and the change of a brand 
in the consumer’s mind. The main objective of the study is to evidence that consum-
ers’ web search traffic information can be operating to derive relationships among 
brands. This is the first study to try investigating consumer’s brand perception based 
on search volume time series (Turkey location) of Google Trends and perhaps to use 
social network analysis in perceptual mapping in tourism. Its contribution helps both 
researchers and practitioners. It demonstrates that search engine query data can be 
used to microscopically evaluate the positions of hotel brands and their relationship 
in consumers’ minds. The study distinguishes itself from previous literature because 
prior studies show that search engine query data can be used to macroscopically 
evaluate. The present study also offers a method for practitioners.

2 � Literature review

2.1 � Search engine and positioning

Researchers in different fields examine search engines in terms of design, evalu-
ation, user behavior, marketing, and implications (Ginsberg et  al. 2009; Jun et  al. 
2014; Jun and Park 2016). Information scientists focus on user behavior, whereas 
computer scientists focus on the algorithms for ranking (Pan 2015). The global 
search engine market share of Google is 92.41% in March 2021(StatCounter 2021). 
Google is widely used by people because the search algorithm of Google is superior 
(Youn and Cho 2016).

Online search data represent the attention individuals pay to specific topics (Li 
and Law 2019). Previous research show that search engine query data has been used 
to forecast a variety of things, such as unemployment (Choi and Varian 2012; Suhoy 
2009), housing (McLaren and Shanbhogue 2009; Wu and Brynjolfsson 2009), gun 
sales (Scott and Varian 2013), automobile purchases (Carriere-Swallow and Labbe 
2011; Jun 2012), tourist inflow (Park et al. 2017; Artola and Martinez Galán 2012), 
diseases (Ginsberg et al. 2009; Althouse et al. 2011), auto, house, retail and tourism 
(Choi and Varian 2009), feature films, video games and rank of song on the Bill-
board Hot 100 chart (Goel et  al. 2010), private consumption (Schmidt and Vosen 
2011), TV market (Youn and Cho 2016), algorithm offer (Fang and Chen 2016) and 
more. As can be seen from the above studies, many studies started to pay attention 
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to Internet search data in terms of forecasts. This is because the Internet is the main 
source for consumers. Thus, Internet search keywords may be strongly correlated 
with consumer’s current and future purchase behavior (Park et al. 2017).

When entering their research words on a browser, a consumer may use a sin-
gle keyword to that end, but also often enter more than one keyword to look for 
related information (a simultaneous search). The reason why a consumer carries out 
a simultaneous search is because they want to compare two brands in order to get 
information about the similarities and differences, or achieve to have more detailed 
information on certain aspects of a brand. According to web search traffic informa-
tion, the quantity of simultaneous searches by means of using certain keywords gets 
increased when the consumer thinks that the relationship is closer, and it is possible 
to derive the relationship between the keywords by means of collecting this rela-
tional data and, making them subject to a SNA (Jun and Park 2017).

A consumer, who wants to buy a product, is inclined to search for information by 
means of using only a single representative keyword in an early stage, but after they 
get a certain amount of information, they enter more than one keywords in order to 
find detailed information about the features of a product. For example, when iPhone 
6 was released (or when it was announced that it would be released), consumers first 
searched for the keyword “iPhone 6” to get a basic understanding of the features it 
was supposed to deliver. After a certain amount of information was obtained, they 
started to enter more keywords such as “iPhone 6 design” or “iPhone 6 display” in 
order to get more specific information about this product. A consumer from time to 
time concurrently entered two or more products for their search in order to compare 
them and, used phrases such as “iPhone 6 Galaxy S5”. When the two or more key-
words that a consumer is possibly to enter for search are considered, it is highly pos-
sible that they make a search for a specific product together with a term for a feature 
that interests them. That is to say, it is highly possible that a consumer carries out a 
simultaneous search which includes product features they are included to associate 
with a specific brand (Jun and Park 2017).

The studies on search query data can be categorized into two fields. The first field 
comprise of empirical evidences that indicate how search query data may be used 
to make forecasts social phenomena (e.g. the buying power of consumers). Second 
field research focuses on operating search query data to, examine consumer behavior 
and track changes in consumers’ expectations. There are fewer studies in the second 
field (Jun and Park 2017). Dinis et  al. (2019) have examined literature published 
(2006–2018), that used search engine data (Google Insights) on tourism and hospi-
tality research. According to research findings, web search engine was used only a 
study while 12% of the literature was mentioned Google Trends. Besides, they find 
that Google Trends use has increased significantly from 2012 to 2017. Especially, 
the increase is observed for tourism forecasting; knowing the interest of users’ 
searches; displaying the relationship between tourism statistics and the search vol-
ume index of Google Trends. Even though number of studies using this data in tour-
ism and hospitality research increase, there are still them relatively scarce, remain-
ing largely unknown to practitioners and researchers (Dinis et al. 2019).

Recently, search engines have been examined by researchers to better understand 
travelers’ behavior (Bangwayo-Skeete and Skeete 2015; Bokelmann and Lessmann 
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2019; Rivera 2016; Yang et al. 2015) because travelers use search engines as a major 
tool in planning trips, including for accommodations, attractions, and dining (Der-
giades et al. 2018; Pan et al. 2006). Research aims to accurately forecast consumer 
behavior through various techniques using effective resources and determining pric-
ing strategies (Song and Li 2008). Yang et al. (2015) said that researchers adopted 
two main methods: time series or statistics (e.g., Bangwayo-Skeete and Skeete 2015; 
Bokelmann and Lessmann 2019; Rivera 2016; Yang et al. 2015) and artificial intel-
ligence methods (e.g., Chen et al. 2005; Chen and Wang 2007; Law and Au 1999).

Studies have also examined patterns in online travel queries across destinations. 
Xiang and Pan (2011) found that the ratio of travel queries related to a specific city 
was based on the touristic popularity of the city, and keywords in travelers’ que-
ries showed their knowledge of the city and its competitors. Bokelmann and Less-
mann (2019) examined the spurious patterns for several German holiday regions. 
Researchers evidence that the Google Trends time series they operate share specific 
patterns with Google Trends time series used in previous studies, involving several 
studies unconnected to the tourism sector. They found that artefacts as spurious 
patterns (downward trends and breaks in 2011 and 2016) have a negative effect on 
forecasting. They offer a method to sanitize Google Trends data and decrease the 
negative effect of spurious patterns. Moreover, Dergiades et al. (2018) examined the 
effect of language bias and platform bias on search intensity indices, took by search 
platforms. They arranged search intensity indices using bias correction approaches 
and compared with search intensity indices not bias correction approaches. They 
stated that search engine volume indices arranged for different search languages and 
platforms is preferable to non-arranged indices for predicting international visitor 
volume.

Forecasting of visitor volume through search engine query data is important. 
However, the data can be used to track changes in consumers’ preferences in real 
time. Thus, businesses can indirectly evaluate the positioning of each brand in the 
consumer mind. Nowadays, businesses use search engine optimization technique to 
advance the ranking of websites based on user’s keyword search on a search engine 
and increase their website traffic (Schultz 2020), that is to say, the technique helps 
businesses attract customer (Sheffield 2020). Businesses have learned about posi-
tioning of keywords in the consumer mind through search engine optimization 
technique.

The positioning is defined by Ries and Trout as follows: “Positioning is not what 
you do to a product. But what you do to the mind of the prospect. That is, you posi-
tion the product in the mind of the prospect” (as cited in Saxena 2008). It is the 
way the target market perceives the product’s place in a particular market and is 
the place in the perceptual map of consumers (Blythe 2014). The concept is impor-
tant as it is a source of competitive advantage for businesses (Porter 1980). Lewis 
(1985) proposed an approach (i.e. determining perceptual difference among compet-
ing brands and examining performance of a brand based on customer) of analysis to 
discover positioning in the hospitality sector. Some studies conducted research on 
positioning in the tourism field using various techniques such as multidimensional 
scaling, importance-performance analysis, and factor analysis. Businesses can use 
brand position to determine their strengths and weaknesses through perceptual maps 
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and can change the positions of the brands over time (Kim et al. 2007). In addition, 
many studies have examined the concept, using collected data with survey technique 
to constitute perceptual maps (Lewis 1990). The perceptual maps have been used as 
a tool by which to understand the characteristics and different factors that represent 
the perception of a business (Lewis 1984). Accurately forecasting brand position is 
very important for businesses. This study explored the positions of specific tour-
ism destinations in the minds of consumers using the social network analysis (SNA) 
technique.

2.2 � Social network analysis centrality measures

SNA is based on network theory. The theory posits a person’s relationships and con-
nections with others (Valente 2010). The SNA technique was introduced in soci-
ology and then evolved into other usage fields over the years. The greatest advan-
tage of the technique is used relational data. Relational data can be acquired from 
the contacts, ties, connections, which exist between two entities. The data show the 
degree of relations among people and organizations (Jun and Park 2017).

A network status is mainly intended to count, map and analyze the patterns of 
connections between the elements of any system, whether it is natural, artificial, 
social, ecological or economic, which could be modelled as an ensemble of distinct 
elements of players (the nodes or vertices of the network, as connected by the rela-
tionships existing between them (the links or edges), which can also carry a weight 
(cost, importance etc.) or be asymmetric (the connection has a direction). These 
studies are based on the methods of the mathematical graph theory, which, however, 
have had a number of improvements, variations and expansions providing a large 
number of metrics to measure static and dynamic features and, produce statistical 
models for the evolution of the systems that are considered (Baggio and Fuchs 2018; 
Newman 2010).

In order to elicit and analyze brand association networks from consumers, Hen-
derson et al. (1998) applied various concepts and methods used in network analy-
sis by means of working from the premise that consumers’ brand associations also 
form network structures. A network analysis’ greatest advantage is that consumers 
are allowed to compare more than one brand at the stage of identifying brand asso-
ciations. We are able to concurrently elicit associations in connections with multiple 
brands rather than only to a single brand by means of using these types of similari-
ties and differences. The company has to carry out an analysis on the associations 
which consumers have in relation to its own brand, and those associations that relate 
to competitors in order to set advertising and marketing strategies for a brand. A 
network analysis offers very useful information about how a consumer perceives the 
company’s brand in relation to competing brands, and establishes the associations 
that must be aimed to ensure improvement or reinforcement in order to deal with 
these requirements. Besides, there is another advantage that makes this method a 
strong practical utility, and it is the ease through which matrices are used to create 
association networks (Jun and Park 2017).
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The analysis provides useful information in terms of defining brand associations 
about multiple brands rather than only single in the minds of consumers (Jun and 
Park 2017). Based on search query data, this research examined consumer percep-
tion in relation to hotels and the changes in this perception over the years.

The SNA centrality measures were used to analyze the networks. The centrality 
analysis allows us to observe the importance and effect of each node and, the ability 
to bind the other nodes of the network and thus helps us identify the importance of 
each actor in the entire network (Baggio and Fuchs 2018). This study focuses on the 
degree, betweenness, closeness and the eigenvector centralities.

2.3 � Degree centrality

With respect to a social network, the incoming connection represents a connection 
from i to j, while the outgoing connection represents a connection from j to i. Con-
sidering the scope of the research, the in-degree of the Hilton hotel corresponds to 
the total number of searches for X Hotel Hilton Hotel at Google Trends. And the 
out-degree of the Hilton hotel corresponds to the search frequency for “Hilton Hotel 
X Hotel”. The all degree centrality, on the other hand, is the sum of the in-degree 
and out-degree centralities. As is seen, the in-degree and out-degree centrality, 
which is an important concept for a friendship network, is not as important as for 
hotel searches. As a matter of fact, the sums of the input and output searches were 
considered due to a great level of similarity. This value is important since it will 
show us how many searches are made for the Hilton hotel together with the other 
hotels.

The node degree is the number of the direct connection that a node has (New-
man 2010), i.e. the degree of a hotel on the network shows the number of searches 
for it together with the other hotels. The normalized degree centrality preferred by 
the SNA software programs such as Pajek and Ucinet represents the connections 
in terms of percentages. A higher degree centrality means a stronger actor (David-
Negre et al. 2018). The degree centrality of the different nodes in a network indicates 
the difference of connectivity with a wider target system and, thus the popularity of 
various positions (Van Der Zee and Bertocchi 2018). The degree centrality equals 
to the number of connections of an actor with the other actors (Otte and Rousseau 
2002). On a non-directional binary chart, the actor degree centrality measures the 
extent of the connection of a node with the other nodes in the social network. On a 
non-directional chart with the actor n, the degree centrality for the actor i is calcu-
lated by means of adding the direct connections of the i with the other n − 1 actor.

The calculation of the value CD is based on the sum of all the cell inputs in the 
rows and columns on the sociomatrix of each actor i. The actor degree centrality 
does not only reflect the connectivity of each node with the other nodes, but also 
is based on the value n (the network size). That is to say, the bigger the network is, 
the higher the possible maximum degree centrality value gets. Therefore, a certain 
degree centrality value indicates that either an actor has a lot of connections in a 

CDi = the degree of the node i
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small network or it has only a few connections in a large network. A normalized 
measure is suggested by Wasserman and Faust (1994) to eliminate the effect of the 
variability of the network size in terms of the degree centrality:

2.4 � Closeness centrality

Defined as the distance measure from an edge to the other edges, the closeness cen-
trality is completely different from the other centrality measures (Newman 2010). 
The closeness centrality has been developed as to reflect how close a node in a 
social network is to the other nodes therein. The closeness is of more general since 
it takes into account the structural position of the actors in the entire network. A 
higher closeness for an actor means that the actor is connected to the others with a 
fewer number of ways (Otte and Rousseau 2002). The closeness and distance indi-
cate how fast an actor establishes an interaction with the others. Considering the 
binary search networks for hotels, the closeness centrality represents the centrality 
in terms of accessibility.

Considering a geodesic distance from i to j (the shortest path), which means the 
number of the edges across the path, as dij , the closeness centrality is calculated 
using the following formula:

Since the average distance CC represents lower values for more central edges and, 
higher values for less central edges unlike the other measures, it is not the central-
ity measure in the same meaning as the other measures mentioned in this section. 
Therefore, the researches in the SNA literature generally calculate the opposite of 
the value CC instead of itself. And this is called the closeness centrality CCi

 : (New-
man 2010):

2.5 � Betweenness centrality

The betweenness centrality is an important indication of the control of the excessive 
information exchange or source flow in a network (Knoke and Yang 2008). This 
measure is based on the number of the shortest paths through an actor. An actor 
with a higher betweenness centrality value plays a role to connect different groups 
and acts as an “intermediary” (Otte and Rousseau 2002). A hotel with a higher 
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betweenness centrality is the key point of a network since it is on the shortest path 
between the other node pairs and thus connects different groups to one another 
(David-Negre et al. 2018).

Considering the cluster of all the geodesic paths available in a network, the 
betweenness centrality of the edge i is defined as the number of the said paths 
through the edge i. (Newman 2010). The number of geodesic paths from ni

st, s to t 
through i and, gst the number of geodesic paths from s to t, the betweenness central-
ity of the edge i is calculated using the following formula (Newman 2010).

where, if both the value ni
st
 and the value gst is zero, then ni

st
/gst = 0. In some cases, it 

is appropriate to normalize the betweenness centrality value. There are many stand-
ard computer programs concerning network analyses such as Pajek and UCINET to 
carry out these normalizations. It is generally normalized by means of dividing the 
number of paths by the sum of the (regulated) edge pairs n2 (Newman 2010).

2.6 � Eigenvector centrality

In numerous cases, a connection to a popular person is more important than the one 
to an alone person. The eigenvector centrality network metric considers not only the 
number of connections that a vertex has (ie. its degree), but also the centrality of the 
vertices connected thereto (Hansen et al. 2020). Referring to the idea that a player 
is more central if the player has a relationship with the players that are themselves 
central, one could argue that the centrality of some nodes do not only depend on 
the number of adjacent notes, but also on the value of centrality pertaining thereto 
(Ruhnau 2000).

The calculation of the eigenvector centrality is shown by Bonacich (1972) as fol-
lows: Aij To show the contiguity matrix, the xi centrality of the edge i being propor-
tional to the sum of the i contiguity centralities, the eigenvector centrality.

3 � Methodology

The study uses the simultaneous searches for hotels obtained through the Google 
Trends. A simultaneous search is when a user makes a search on Google, e.g. typ-
ing ‘Hilton Hotel Radisson Hotel’ and, these search statistics are measured on the 
Google Trends.

The process to obtain data for the research is as follows: On Google Trends, the 
following options are ticked off: date, region (Turkey) and “travel”. Then, hotels 
are searched simultaneously and as binaries. Google Trends provide weekly search 

CB =

∑

st
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gst
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trends. The values shown on a weekly basis are expressed in percentages. Therefore, 
a weekly search frequency could be of 100 at maximum. Google Trends provides 
information on the number of searches for a certain term in relation with the total 
number of searches that are performed on Google. On a scale from 0 to 100 where 
each point on the graph is divided by the highest point or 100, the data is normalized 
and presented accordingly. A line trending downward means that the relative popu-
larity of a search term is getting decreased, not necessarily that the total number of 
searches for that term is getting decreased, but that compared to other searches, the 
popularity is shrinking (Google News Initiative 2021).

The values for all the weeks obtained were summed up and gathered together 
in a matrix where binary searches are shown for all the hotels. For example, the 
value 1677, which shows the simultaneous search values for the hotels Radisson 
and Hilton in 2014, was obtained as follows: As seen on the Table 1, the percent-
ages of the simultaneous searches for the hotels Radisson and Hilton in 2014 are 
obtained separately on a weekly basis. And the sum of all the weeks resulted in the 
value 1677. This value is recorded on the intersection for Radisson*Hilton on the 
matrix for simultaneous searches in 2014. For the search for Hilton and Radisson, 
the same was repeated and resulted in the value 1754. This matrix is not symmetric. 
This provided a directional network. Therefore, this value is on the intersection for 
Hilton*Radisson. Repeating the same for all the binary hotel searches, the matrixes 
created for each year were analyzed by SNA.

The article’s research method is based on the frequency of binary searches made 
over Google Trends. Therefore, each node within the social network represents a 
hotel brand. On the other hand, the connection (weight) between two nodes is related 
to the search frequency of words and it is calculated as follows:

Considering the year of 2018, let’s assume that the first node represents the X 
hotel and the second node represents the Y hotel. By selecting the "travel" option 

Table 1   Simultaneous search percentages for the hotels Radisson and Hilton in 2014

Date Percent Date Percent Date Percent Date Percent

5.01.2014 31 6.04.2014 0 6.07.2014 34 5.10.2014 35
12.01.2014 0 13.04.2014 62 13.07.2014 45 12.10.2014 62
19.01.2014 29 20.04.2014 32 20.07.2014 34 19.10.2014 93
26.01.2014 30 27.04.2014 31 27.07.2014 41 26.10.2014 0
2.02.2014 43 4.05.2014 0 3.08.2014 72 2.11.2014 0
9.02.2014 31 11.05.2014 64 10.08.2014 52 9.11.2014 30
16.02.2014 93 18.05.2014 100 17.08.2014 34 16.11.2014 31
23.02.2014 45 25.05.2014 0 24.08.2014 34 23.11.2014 29
2.03.2014 30 1.06.2014 31 31.08.2014 33 30.11.2014 0
9.03.2014 30 8.06.2014 33 7.09.2014 0 7.12.2014 29
16.03.2014 0 15.06.2014 34 14.09.2014 0 14.12.2014 44
23.03.2014 30 22.06.2014 35 21.09.2014 33 21.12.2014 29
30.03.2014 40 29.06.2014 0 28.09.2014 0 28.12.2014 29
Total for 2014: 1677
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in the year of 2018 over Google Trends, "X Hotel Y Hotel", "Y Hotel X Hotel”, 
"X Hotel Y", "Y Hotel X", "X Y Hotel" and "Y X Hotel" searches were obtained 
separately.

The data were obtained through two phases when identifying the hotel brands 
used for simultaneous binary searches as obtained on the Google Trends. The total 
number of chain hotels was 60, 44 of which were local, in Turkey as of 2018 (Hor-
wath 2019). The first 30 hotels on the list of domestic and foreign chain hotels in 
2020 issued by the Hotel Associations of Turkey (TUROB) were considered, and a 
new list was created consisting of the chain hotels with more facilities. For example, 
the hotels Novotel, Ibis and Rixos under the Accor hotel chains were included into 
the study as the sub-brands according to the number of facilities thereof. Therefore, 
the 30 brands with the highest number of facilities in Turkey were analyzed under 
this study.

This study selected 30 chain hotels (see Table 2)—those with the highest number 
of hotels in Turkey—and analyzed them.

The research was made in both Turkish and English. Although it is not possible to 
identify whether the searcher is a Turkish citizen or foreign national, the IP address 
used for the search is in Turkey, i.e. the searches were made within the borders of 
Turkey. In other words, a limitation was set in terms of country to Turkey while 
choosing the Google searches on the Google Trends. The searches from abroad were 
excluded. In order to make sure that the sample cluster is appropriate for the SNA, 
only the chain hotels serving in Turkey are considered in order to avoid the forma-
tion of a sparse network consisting of a great number of chain hotels operating in 
different countries. The second reason is that we attempt that the results are turned 
into meaningful information that would increase the profitability levels of the hotels. 
That is to say, a hotel brand in Turkey would like to identify its position among the 
hotel brands serving within the borders of Turkey.

Binary searches were made over Google Trends. The reason is that the adjacency 
matrix used in social network analysis is a nxn dimension square matrix where: each 
i line and each j column represents a node, and the cell shown with (ij) represents a 
connection made from i to j (Newman 2010). The matrix is therefore two-dimen-
sional and each cell, which is located on the junction point of the lateral and hori-
zontal axes, shows the weight between two nodes. In this case, it is impossible to 
obtain these results using network analysis even one looks at the search frequency 
between more than two hotels.

The data were collected within a period of 3 months between June and August in 
2019. However, it should be stated that the search frequencies on the Google Trends 
are valid for the entire year. That is to say, the result of the search "X Hotel Y Hotel" 
on the Google Trends for 2018 was not restricted to certain months, and it covers all 
the days in 2018.

The centrality measures that are the most frequently used ones in the literature 
were taken into considered in the scope of the research: degree, closeness, between-
ness and eigenvector centralities (David-Negre et  al. 2018), and the hotels with 
the highest centrality measures were ranked accordingly. The similar practices 
are adopted in the literature. During a study when David-Negre et al. (2018) ana-
lyzed the use by European tourists of the e-tourism platforms, they put in order the 
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platforms used by the tourists according to the degree, betweenness and closeness 
centralities. On the network analyses made use of by Van Der Zee and Bertocchi 
(2018) to understand how the relational data analysis of the content created by the 
TripAdvisor Users facilitates the decision-making on a tourism destination, they 
put in order the locations with the highest degree centralities. In order to assess the 
basic characteristics of a tourist destination, Éber et al. (2018) analyzed the websites 
of the tourism stakeholders by means of a hyperlink network analysis, and identi-
fied the most effective (prominent) plays on the multi-target network by means of 
using an ‘importance index’ defined as the geometric average of the (normalized) 

Table 2   Characteristics of hotel 
chains

Hotel group Hotel chain type The hotel num-
ber of chains

The 
number of 
rooms

Amara Domestic chain 5 2496
Anemon Domestic chain 18 1919
Barut Domestic chain 12 3716
Cactus Domestic chain 7 1189
Crowne Plaza Foreign chain 8 2251
Crystal Domestic chain 14 7769
Dedeman Domestic chain 17 2737
Delphin Domestic chain 7 3918
Divan Domestic chain 19 2512
Eftalia Domestic chain 7 2858
Elite World Domestic chain 7 1632
Euphoria Domestic chain 4 1522
Grand Park Foreign chain 4 –
Hilton Foreign chain 63 12,674
Holiday Inn Foreign chain 16 2097
Ibis Foreign chain 15 2003
Kaya Domestic chain 12 3745
Larissa Domestic chain 14 3856
Limak Domestic chain 9 3007
Novotel Foreign chain 6 –
Orka Domestic chain 6 1031
Paloma Domestic chain 8 2585
Radisson Foreign chain 10 2590
Ramada Foreign chain 33 8319
Rixos Domestic chain 23 8908
Sentido Foreign chain 12 3300
Sheraton Foreign chain 7 –
The Green Park Domestic chain 7 1811
Titanic Domestic chain 13 3546
Voyage Domestic chain 6 1950
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centrality metrics such as degree, eigenvector and clustering coefficients. As is seen, 
the important actors on a network are identified by means of putting in order the 
nodes with the highest centrality measures. The hypothesis tests are used when an 
analysis is carried out on the relations of the centrality measures of the actors and 
the different variants on a SNA (Francalanci and Hussain 2016). Since the analyzed 
network is in fact an observation and, this is in general a research environment for 
a network analysis, we may not rely on sampling from multi observations and, sub-
sequent probability and statistical meaningfulness statements. Therefore, a network 
analysis is based on the idea of permutation and on the possibility of an observed 
network appearing if there are many networks created with the same basic data 
(Farine 2017).

The data were limited to the travel search option of Google Trends and to online 
searches conducted from 2014 to 2018 by consumers in Turkey. The data were col-
lected year by year by the researchers without any programs using browser’s incog-
nito mode. Browser does not store one’s browsing history, cookies, site data, and so 
on, in incognito mode. However, incognito mode does not offer complete privacy. 
Your IP address and other information can be recorded and seen by the websites you 
visit (Haberturk 2021). Thus, some steps were carried out to provide privacy. Firstly, 
the browsing data were cleared from the browser. Secondly, the study was used a 
virtual private network (VPN). VPN can be defined as a service that protects your 
internet connection and online privacy. It creates an encrypted tunnel for your data, 
protects your online identity by hiding your IP address, and allows you to securely 
use internet. We used to Avast SecureLine VPN. The study was hidden IP address, 
was created virtual IP and was determined location as Istanbul, Turkey by VPN. 
Lastly, antivirus program was used for internet security and privacy. The study used 
SNA to reveal the perception of the network among the hotel brands. SNA was con-
ducted on a time series (2014–2018) to track the changes in status of each hotel 
brand over time. The Gephi software package was used to analyze the social net-
work relationships. The Gephi software allows the visualization and analysis of net-
works of various sizes using network metrics (Nuss et al. 2016).

4 � Results

The results of the SNA performed using the volume of simultaneous searches for 
hotel brands are shown in Table 3. Although some hotels are located centrally, oth-
ers fall outside the network depending on the degree of weakness of the connections. 
The Hilton, Ramada, Rixos, and Radisson brands have more intense connections 
in the network compared to other brands. Hilton (26,840), Ramada (22,716), and 
Rixos (18,368) are the hotel brands with the highest output (outgoing) connection 
weights of SNA in 2014. This means that there are 26,840 searches for the Hilton 
hotel together with another hotel chain in 2014 in Turkey. The connection numbers 
of the other hotels are interpreted in a similar manner.

The input (incoming) connection weights are Hilton (24,207), Ramada (22,352), 
and Rixos (21,920), respectively. The total link weight for 2014 is 235,657. As 
shown in Table 3, the Ramada, Hilton, Dedeman, and Radisson brands have more 
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intense connections in the network compared to the other brands. Hilton (34,994), 
Ramada (29,942), and Radisson (20,891) are the hotel brands with highest output 
(outgoing) connection weights of SNA in 2018. The input (incoming) connection 
weights are Hilton (34,313), Ramada (30,530), and Rixos (21,069), respectively. 
The total link weight for 2018 is 302,033 (Table 3).

The network views for 2014–2018 show that very close networks were obtained. 
Hilton (145,085), Ramada (125,996), and Rixos (90,965) are the hotel brands with 
highest output (outgoing) connection weights of SNA in 2014–2018. The input 
(incoming) connection weights are Hilton (142,008), Ramada (122,763), and Rixos 
(97,026), respectively. The total link weight for 2014–2018 is 1,325,152 (Table 3).

Table  4 shows the general characteristics of the networks for simultaneous 
searches by years.

Considering the density values, which are the ratio of the number of actual con-
nections with the number of possible connections as shown in the Table 4, it is seen 
that the simultaneous search network for 2017 is the densest network (0.262). This 
means that this year was the year when the highest number of searches were made 
for the respective hotels. On the other hand, the average degree represents the num-
ber of binary searches and, it is seen that this had the highest value in 2017 on the 
networks as an analysis by years. The average weighted degree is a measure that 
takes into consideration not only the number but also the weights of the connections. 
In other words, in case of a search for the Hotel X and the Hotel Y simultaneously, 
it gives this degree (1) and, the number of simultaneous searches for the Hotel X 
and the Hotel Y (e.g. if they are searched together for 100 times) gives this weighted 
degree. It is also seen that the average weighted degree values are higher in 2017. 
The average path length, which is defined as the average number of steps across the 
shortest paths for all the possible node pairs in the network topology, and the clus-
tering coefficient, which is a measure of how an actor in the network is interlocked 
with the adjacent actors, show similarity in terms of years.

The results for all degree centralities by year are shown in Table 5. According to 
the table, all degree centralities are, respectively, Hilton (40; 40; 39; 40), Ramada 
(34; 34; 34;38), and Radisson (28; 29; 28; 31) in 2014, 2015, 2016 and 2017; Hilton 
(41), Ramada (35), and Titanic (29) in 2018; and Hilton (40), Ramada (39), Radis-
son (29), and Titanic (29) in 2014–2018. The hotel names between 2014 and 2018 
are sized as per height of the degree centrality values in the network and, shown in 
Fig. 1.

Table 4   Comparison of general properties of networks

2014 2015 2016 2017 2018 2014–2018

Density 0.230 0.240 0.237 0.262 0.254 0.262
Average degree 6.660 6.960 6.860 7.600 7.360 7.600
Average weighted degree 7776.460 8335.760 7724.030 10,106.000 9955.100 43,604.730
Average cluster coefficient 0.569 0.582 0.580 0.597 0.587 0.604
Average path length 1.940 1.930 1.940 1.890 1.910 1.900
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Although brands such as Hilton, Ramada, Radisson, and Titanic have very strong 
connections in the network, brands such as Larissa, Cactus, and Euphoria have very 
weak connections in Fig. 1.

The results of closeness centrality are shown in Table 6. According to Table 6, the 
hotel brands with the highest closeness centrality are; Hilton (0.771; 0.771; 0.771; 
0.771), Ramada (0.710; 0.710; 0.750; 0.710), and Crystal (0.658; 0.658; 0.675; 0.675) 
in 2015, 2016, 2017 and 2018; Hilton (0.771), Ramada (0.710), and Titanic (0.642) in 
2014; and Hilton (0.771), Ramada (0.750), Titanic and Crystal (0.658) in 2014–2018. 
Although brands such as Hilton, Ramada, Crystal, and Titanic have very strong close-
ness centrality values in the network, brands such as Larissa, Cactus, and Orka have 

Table 5   All degree centralities Hotels All degree centrality

2014 2015 2016 2017 2018 2014–2018

Amara 5 4 8 9 8 10
Anemon 13 14 14 13 15 14
Barut 14 15 16 20 19 19
Cactus 0 0 0 0 0 0
Crowne Plaza 10 10 10 10 10 10
Crystal 22 25 24 27 26 27
Dedeman 23 24 22 26 25 26
Delphin 6 8 9 10 10 10
Divan 18 18 18 18 19 19
Eftalia 2 2 2 2 2 2
Elite World 5 5 4 6 5 6
Euphoria 1 1 1 1 2 1
Grand Park 12 13 6 14 14 14
Hilton 40 40 39 40 41 40
Holiday Inn 14 14 16 16 15 16
Ibis 18 18 18 18 16 18
Kaya 9 10 8 8 8 9
Larissa 0 0 0 0 0 0
Limak 14 14 14 18 15 17
Novotel 10 9 10 12 11 11
Orka 1 2 2 2 2 2
Paloma 5 9 9 10 10 9
Radisson 28 29 28 31 28 29
Ramada 34 34 34 38 35 39
Rixos 23 22 23 25 24 24
Sentido 7 8 8 8 8 8
Sheraton 20 20 22 22 22 22
The Green Park 8 10 7 11 10 12
Titanic 25 26 26 27 29 29
Voyage 13 14 14 14 14 15
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very weak closeness centrality values. The hotel names between 2014 and 2018 are 
sized as per height of the closeness centrality values in the network and, shown in 
Fig. 2.

The results of betweenness centrality are shown in Table 7. According to Table 7, 
hotel brands with the highest centrality are Hilton (0.206; 0.195; 0.206), Crystal (0.159; 
0.188; 0.185), and Ramada (0.111; 0.103; 0.115) in 2014, 2015, and 2016; Crys-
tal (0.192), Hilton (0.155), and Ramada (0.137) in 2017; and Hilton (0.199), Crys-
tal (0.188), and Ramada (0.108) in 2018. The SNA ranking of betweenness central-
ity of the total connections is Crystal (0.193), Hilton (0.169), and Ramada (0.134) in 
2014–2018. Although brands such as Crystal, Hilton, and Ramada have very strong 
betweenness centrality in the network. The hotel names are sized as per the height of 
the betweenness centrality values in the network and, shown in Fig. 3. 

The results of eigenvector centrality SNA coefficients is shown in Table 8. Accord-
ing to Table 8, the ranking of the hotel brands with the highest SNA eigenvector cen-
trality in each other year and in 2014–2018, based on the total number of connections 
over the 5 years, is the same for all years. Accordingly, Hilton is the hotel brand with 
the highest eigenvector centrality (1; 1; 1; 1; 1; 1). The Hilton brand is followed by 
Ramada (0.878; 0.898; 0.942; 0.957; 0.917; 0.958), and Radisson (0.776; 0.766; 0.759; 
0.748; 0.700; 0.749), respectively. The hotel names between 2014 and 2018 are sized as 
per the height of the eigenvector centrality values in the network and, shown in Fig. 4. 
Although brands such as Hilton, Ramada, and Radisson have a very strong eigenvector 
centrality in the network in Fig. 4.

Fig. 1   Degree centrality in 
2014–2018
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5 � Discussion

The aim of this study was to explore not only the usefulness of obtained data from 
search engine both also applicability of social network analysis in revealing percep-
tion in the consumer mind. In the analysis, data were collected Google Trends and 
analyzed using social network analysis.

Many consumers make a search on search engine prior to purchase decision. The 
search behavior is a sign of consumer’s real interest. Thus, search engines are an 
important channel for businesses in terms of communicating with current and poten-
tial consumers. Currently, many businesses use search engine marketing as part of 

Table 6   Closeness centralities Hotels Closeness centrality

2014 2015 2016 2017 2018 2014–2018

Amara 0.421 0 0.519 0.540 0.540 0.540
Anemon 0.500 0.500 0.500 0.500 0.500 0.500
Barut 0.562 0.562 0.574 0.600 0.586 0.600
Cactus 0 0 0 0 0 0
Crowne Plaza 0.482 0.482 0.482 0.482 0.482 0.482
Crystal 0.627 0.658 0.658 0.675 0.675 0.658
Dedeman 0.551 0.562 0.551 0.586 0.574 0.586
Delphin 0.421 0.473 0.473 0.473 0.473 0.473
Divan 0.529 0.529 0.529 0.529 0.529 0.529
Eftalia 0.391 0.402 0.402 0.409 0.409 0.402
Elite World 0.450 0.465 0.450 0.465 0.465 0.465
Euphoria 0 0 0 0 0 0
Grand Park 0.482 0.562 0 0.562 0.562 0.562
Hilton 0.771 0.771 0.771 0.771 0.771 0.771
Holiday Inn 0.500 0.500 0.509 0.509 0.509 0.509
Ibis 0.519 0.519 0.519 0.519 0.509 0.5191
Kaya 0.529 0.540 0.482 0.529 0.473 0.540
Larissa 0 0 0 0 0 0
Limak 0.551 0.562 0.562 0.586 0.574 0.574
Novotel 0.482 0.473 0.482 0.490 0.490 0.490
Orka 0 0.306 0.306 0.310 0.310 0.306
Paloma 0.421 0.465 0.457 0.465 0.465 0.457
Radisson 0.586 0.600 0.600 0.613 0.613 0.600
Ramada 0.710 0.710 0.710 0.750 0.710 0.750
Rixos 0.613 0.613 0.613 0.627 0.613 0.613
Sentido 0.428 0.435 0.435 0.442 0.442 0.435
Sheraton 0.540 0.540 0.551 0.562 0.562 0.551
The Green Park 0.473 0.482 0.473 0.500 0.500 0.500
Titanic 0.642 0.642 0.642 0.642 0.658 0.658
Voyage 0.574 0.551 0.551 0.551 0.551 0.586
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their online marketing. They must understand consumers’ web search behaviors to 
be successful at search engine marketing (Schultz 2020; Pan 2015; Xiang and Pan 
2011).

Considering the findings together, Hilton and Ramada are those that are 
searched for together with other hotels the most (David-Negre et al. 2018), their 
accessibility on the hotel network is very high, they have a more frequent con-
nection and, also they are associated with the significant hotel brands with a key 
position in the network (Ruhnau 2000). Besides, Crystal connects different groups 
in the network with one another, it has a key role (David-Negre et al. 2018). Hil-
ton and Ramada are the most popular brands in the network. The results show 
that consumers think that these brands have a central position in the market (Jun 
and Park 2017). This type of information could not be obtained by the sales vol-
ume by itself, and serves as an important source for the estimation of the market 
leadership in the future (Jun and Park 2017). On the other hand, it is known that 
a “web search” is an action carried out with the intention to fulfill the duty to get 
prepared for purchases or future purchases (Jun and Park 2017). From this point 
of view, the results show that the chain hotel brands included in the study are able 
to identify their brand positions and gain important information for the estimation 
of the market leadership in the future using the inexpensive environment avail-
able on the Internet.

There are many different search engines such as Google, Yandex, Badu, Yaani, 
Bing. Google is the most widely used search engine. The individual goes into 
search engine using particular terms and phrases known as keywords, upon which 
the search engine submits them with a search engine results page (SERP). SERP is 
served to users when individuals search for something using a search engine. The 
keywords using by individuals actually show the relative importance (position) 
of each brand or product in the consumer mind. The study used Google as search 
engine and data (a time series from 2014 to 2018) was collected on Google Trends. 
This way, this study reveals changes their position in consumer minds relative to 
competitors over time.

Fig. 2   Closeness centrality in 
2014–218
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One of the greatest struggles meeting marketers is positioning (Pike 2012). 
The positioning concept is important for businesses. Positioning is done by using 
the marketing mix. It is the process of accessing a desired place in the consumer’s 
mind. As a marketing research tool for positioning, perceptual mapping  is used 
by marketing managers. It indicates how consumers perceive product as regards 
the most important attributes. In addition, businesses can see perceptions rather 
than features in a perceptual map; they can understand how consumers perceive 
their products and their competitors’ products (Bovee et al. 1995).

Table 7   Betweenness 
centralities

Hotels Betweenness centrality

2014 2015 2016 2017 2018 2014–2018

Amara 0 0 0 0 0 0
Anemon 0 0 0 0 0 0
Barut 0.039 0.019 0.022 0.023 0.022 0.026
Cactus 0 0 0 0 0 0
Crowne Plaza 0 0 0 0 0 0
Crystal 0.159 0.188 0.185 0.192 0.188 0.193
Dedeman 0.026 0.024 0.16 0.024 0.022 0.023
Delphin 0 0 0 0 0 0
Divan 0.003 0.003 0.003 0.003 0.004 0.003
Eftalia 0 0 0 0 0 0
Elite World 0 0 0 0 0 0
Euphoria 0 0 0 0 0 0
Grand Park 0.004 0.008 0 0.007 0.007 0.007
Hilton 0.206 0.195 0.206 0.155 0.199 0.169
Holiday Inn 0.001 0.001 0.001 0.001 0.001 0.001
Ibis 0.003 0.003 0.002 0.002 0.001 0.001
Kaya 0 0 0 0 0 0
Larissa 0 0 0 0 0 0
Limak 0.011 0.008 0.01 0.011 0.005 0.009
Novotel 0 0 0 0 0 0
Orka 0 0 0 0 0 0
Paloma 0.002 0.004 0.004 0.006 0.006 0.003
Radisson 0.038 0.038 0.037 0.032 0.032 0.029
Ramada 0.111 0.103 0.115 0.137 0.108 0.134
Rixos 0.071 0.04 0.039 0 0.043 0.036
Sentido 0.036 0.062 0.062 0.063 0.063 0.063
Sheraton 0.011 0.009 0.011 0.047 0.011 0.009
The Green Park 0 0 0 0 0 0
Titanic 0.057 0.054 0.057 0.055 0.065 0.059
Voyage 0.026 0.038 0.041 0.032 0.035 0.037
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In recent years, web search traffic information has been provided by Google. 
Google Trends provide big data that can be reconstituted to understand consum-
ers’ interest in products and businesses (Kim and Hanssens 2017). Marketers use 
Google Trends to get information about how consumers use search engines to 
find out about products and businesses in which they are concerned (Schmidt 
and Vosen 2011). The data are used to develop forecasts on the consumption of 
various products. However, Google Trends data still little explored academically 
(Dinis et al. 2019). The goal of this study was to examine the consumer percep-
tions of hotel brands through SNA using data provided by Google Trends.

The study contributes to the literature about data-based decision-making and to 
managers. It confirms that consumers’ search engine information can be used to vis-
ualize the relatively position of brands in consumers’ minds microscopically. Previ-
ous research has stated that the data can be used to forecast in various fields (e.g. 
economics, retail, tourism) macroscopically. In addition, previous research has dem-
onstrated that search engine data are useful in providing meaningful and manageri-
ally valuable insights in different fields (Ginsberg et al. 2009; Schmidt and Vosen 
2011; Youn and Cho 2016; Höpken et  al. 2019). In addition, search engine data 
could be used by businesses to better understand the decision-making process of 
individuals when preferring a particular business, e.g. which businesses and attrac-
tions are most heavily searched and, so, is of particular relevance for individuals 
(Fesenmaier et al. 2010).

6 � Conclusion

The study proposes an application of network analysis to examine brand perception. 
Based on a social network perspective, this study analyzed hotel brand perception 
in the consumer mind using SNA. Measures of centrality of SNA help to determine 

Fig. 3   Betwenness centrality in 
2014–2018
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the strongest subjects in the network and can demonstrate the position (Borgatti and 
Everett 1997; Gajdošík 2015; Casanueva et al. 2016; Peng et al. 2014). According to 
our findings, Hilton is the brand with the greater degree, closeness and eigenvector. 
The findings show that Hilton is most influential in the network and has an advanta-
geous position in the consumer mind. Similarly, the brand is the nearest brand to 
tourists. Crystal, Hilton, and Ramada have a high betweenness centrality, which 
means that they act as connectors between tourists who search different brands. The 
findings can be considered as direct indicator of the effectiveness and success of 
brand positioning strategies. In addition, the results show that search engine data 
reveal the positioning of consumer’s perceptions of hotels.

Table 8   Eigenvector centralities Hotels Eigenvector centrality

2014 2015 2016 2017 2018 2014–2018

Amara 0.196 0.267 0.281 0.320 0.210 0.324
Anemon 0.439 0.508 0.532 0.487 0.515 0.487
Barut 0.384 0.413 0.432 0.562 0.558 0.517
Cactus 0 0 0 0 0 0
Crowne Plaza 0.375 0.369 0.394 0.359 0.354 0.358
Crystal 0.485 0.516 0.498 0.577 0.539 0.603
Dedeman 0.721 0.712 0.718 0.741 0.729 0.736
Delphin 0.161 0.164 0.226 0.285 0.278 0.285
Divan 0.612 0.613 0.648 0.626 0.621 0.627
Eftalia 0.049 0.052 0.051 0.054 0.052 0.057
Elite World 0.262 0.172 0.173 0.248 0.160 0.248
Euphoria 0.049 0.052 0.051 0.054 0.052 0.057
Grand Park 0.479 0.417 0.414 0.473 0.466 0.478
Hilton 1 1 1 1 1 1
Holiday Inn 0.488 0.480 0.571 0.520 0.469 0.520
Ibis 0.587 0.584 0.618 0.562 0.476 0.561
Kaya 0.287 0.343 0.302 0.277 0.340 0.294
Larissa 0 0 0 0 0 0
Limak 0.352 0.362 0.376 0.451 0.366 0.452
Novotel 0.391 0.385 0.396 0.367 0.359 0.367
Orka 0.010 0.012 0.012 0.011 0.012 0.011
Paloma 0.049 0.140 0.143 0.218 0.217 0.149
Radisson 0.776 0.766 0.759 0.748 0.700 0.749
Ramada 0.878 0.898 0.942 0.957 0.917 0.958
Rixos 0.593 0.589 0.648 0.710 0.695 0.704
Sentido 0.088 0.104 0.105 0.112 0.110 0.107
Sheraton 0.656 0.657 0.743 0.685 0.681 0.686
The Green Park 0.310 0.369 0.266 0.360 0.290 0.360
Titanic 0.650 0.697 0.719 0.751 0.761 0.777
Voyage 0.310 0.331 0.347 0.356 0.355 0.346
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From a methodological perspective, this study, based on social network theory, 
presents an analysis method and solution for practitioners. The results of this study 
demonstrate that search engine data can be used by researchers and practitioners in 
the tourism industry. The study offers a method that hotels can use to determine con-
sumers’ perception of their brands through search query data provided by Google 
Trends. The method is both cheap and simple for determining brand position and 
marketing strategies.

From a theoretical perspective, the results of this study add to the emerging litera-
ture on data-based decision-making and the existing brand positioning literature by 
exploring the relationship between search engine query data and consumer’s mind 
perception of hotel brands. In addition, using social network theory, this study pro-
vides information about the relative importance of tourist destinations, the structure 
and relations among brands in the network. This paper highlights the importance of 
a social network approach for revealing the brand’s place in the consumer’s mind.

This study has some limitations. First, the sample for this study was limited to 
the travel search option of Google Trends and examined 30 hotel chains. Therefore, 
future research should be conducted on different hotel types and different Google 
Trends search options. Second, search engine data were used to visualize customer 
perception of hotel brands. Future research can be conducted exploring different fac-
tors using consumers’ web search behaviors. Moreover, future research can exam-
ine consumers’ perceptions of different businesses in the tourism industry and study 
various types of data, such as social media, to reveal consumers’ perceptions of 
brands. Considering that the probability that a consumer performs a simultaneous 
search that includes the attributes of a product they tend to associate with a certain 
brand is high (Jun and Park 2017), it is suggested that analyses are carried out in 
the next studies with search records that include simultaneous comparisons of dif-
ferent attributes of hotels such as price, review scores etc., e.g. ‘Hilton Hotel price, 
Ramada Hotel price’.

Fig. 4   Eigenvector centrality in 
2014–2018



81

1 3

Can Google Trends data provide information on consumer’s…

Funding  This research was funded by Aksaray University Scientific Research Projects Coordinatorship 
(Project no: 2018/050].

Declarations 

Conflict of interest  The authors declare that they have no confict of interest.

References

Ajansı A (2020) Türkiye’nin turizm geliri 2019’ da %17 arttı. https://​www.​aa.​com.​tr/​tr/​ekono​mi/​turki​
yenin-​turizm-​geliri-​2019da-​yuzde-​17-​artti. Accessed 5 Dec 2021 

Althouse BM, Ng YY, Cummings DA (2011) Prediction of dengue incidence using search query sur-
veillance. PLoS Negl Trop Dis 5(8):e1258 

Artola C, Martínez-Galán E (2012) Tracking the future on the web: construction of leading indicators 
using internet searches. Banco de Espana occasional paper no. 1203. https://​doi.​org/​10.​2139/​
ssrn.​20430​56

Baggio R, Fuchs M (2018) Network science and e-tourism. Inf Technol Tour 20:97–102
Bangwayo-Skeet PF, Skeete RW (2015) Can Google data improve the forecasting performance of 

tourist arrivals? Mixed Data Sampl Appr Tour Manag 46:454–464
Blythe J (2014) Principles and practices of marketing. Sage Publications Ltd, Thousand Oaks
Bokelmann B, Lessmann S (2019) Spurious patterns in Google Trends data—an analysis of the effects 

on tourism demand forecasting in Germany. Tour Manag 75:1–12
Bonacich P (1972) Technique for analyzing overlapping memberships. In: Costner HL (ed) Sociologi-

cal methodology. Jossey-Bass, San Francisco, pp 176–185
Borgatti SP, Everett MG (1997) Network analysis of 2-mode data. Soc Netw 19(3):243–269
Bovee CL, Houston MJ, Thill JV (1995) Marketing. McGraw-Hill, USA
Carriere-Swallow Y, Labbe F (2011) Nowcasting with google trends in an emerging market. J Fore-

cast 32(4):289–298
Casanueva C, Gallego Á, García-Sánchez MR (2016) Social network analysis in tourism. Curr Issues 

Tour 19(12):1190–1209
Chen KY, Wang CH (2007) Support vector regression with genetic algorithms in forecasting tourism 

demand. Tour Manag 28(1):215–226
Chen J, Chen ZX, Xing L, Fu XD (2005) Forecasting of Yunnan’s international tourism demand based 

on BP neural network. J Kunming Teach Coll 27(4):89–91
Choi H, Varian H (2009) Predicting initial claims for unemployment benefits. Google Inc, pp 1–5
Choi H, Varian H (2012) Predicting present with Google trends. Econ Rec 88:2–9
David-Negre T, Almedida-Santana A, Hernández JM et al (2018) Understanding European tourists’ 

use of e-tourism platforms. Analysis of networks. Inf Technol Tour 20:131–152
Dergiades T, Mavragani E, Pan B (2018) Google Trends and tourist’ arrivals: emerging biases and 

proposed corrections. Tour Manag 66:108–120
Dinis G, Breda Z, Costa C, Pacheco O (2019) Google Trends in tourism and hospitality research: a 

systematic literature review. J Hosp Tour Technol 10(4):747–763
Éber FZ, Baggio R, Fuchs M (2018) Hyperlink network analysis of a multi destination region: the 

case of Holland, South Sweden. Inf Technol Tour 20:181–188
Fang ZH, Chen CC (2016) A novel trend surveillance system using the information from web search 

engines. Decis Supp Syst 88:85–97
Farine DR (2017) A guide to null models for animal social network analysis. Methods Ecol Evol 

8(10):1309–1320
Fesenmaier DR, Xiang Z, Pan B, Law R (2010) An analysis of search engine use for travel planning. 

In: Gretzel U, Law R, Fuchs M (eds) Information and communication technologies in tourism. 
Springer, New York, pp 381–392

Francalanci C, Hussain A (2016) Discovering social influencers with network visualization: evidence 
from the tourism domain. Inf Technol Tour 16:103–125

Gajdošík T (2015) Network analysis of cooperation in tourism destinations. Czech J Tour 4(1):26–44

https://www.aa.com.tr/tr/ekonomi/turkiyenin-turizm-geliri-2019da-yuzde-17-artti
https://www.aa.com.tr/tr/ekonomi/turkiyenin-turizm-geliri-2019da-yuzde-17-artti
https://doi.org/10.2139/ssrn.2043056
https://doi.org/10.2139/ssrn.2043056


82	 H. Bakirtas, V. Gulpinar Demirci 

1 3

Ginsberg J, Mohebb MH, Patel RS, Brammer L, Smolinski MS, Brilliant L (2009) Detecting influenza 
epidemics using search engine query data. Nature 457(7232):1012–1014

Goel S, Hofman JM, Lahaie S, Pennock DM, Watts DJ (2010) Predicting consumer behavior with web 
search. Proc Natl Acad Sci 107(41):17486–17490

Google News Initiative (2021) Google Trends: understanding the data (lesson 4: how the interpret 
Trends results). https://​stora​ge.​googl​eapis.​com/​gweb-​news-​initi​ative-​train​ing.​appsp​ot.​com/​
upload/​GO802_​NewsI​nitia​tiveL​essons_​Funda​menta​ls-​L04Go​ogleT​rends_​1saYV​CP.​pdf 

Haberturk (2021) Gizli mod sandığınız kadar ’gizli’ değil!. https://​www.​haber​turk.​com/​gizli-​mod-​
sandi​giniz-​kadar-​gizli-​degil-​30209​82-​tekno​loji. Accessed 10 Dec 2021

Hansen D, Shneiderman B, Smith MA, Himelboim I (2020) Calculating and visualizing network metrics. 
In: Hansen DL, Shneiderman B, Smith MA, Himelboim I (eds) Analyzing social media networks 
with NodeXL, 2nd edn. Morgan Kaufmann, Burlington, pp 79–94

Henderson GR, Iacobucci D, Calder BJ (1998) Brand diagnostics: mapping branding effects using con-
sumer associative networks. Eur J Oper Res 111(2):306–327

Höpken W, Eberle T, Fuchs M, Lexhagen M (2019) Google Trends data for analyzing tourists’ online 
search behavior and improving demand forecasting: the case of Åre, Sweden. Inf Technol Tour 
21:45–62

Horwath HTL (2019) European chains & hotels reports 2019. https://​horwa​thhtl.​com.​tr/​en/​publi​cation/​
europ​ean-​chains-​hotels-​report-​2019/. Accessed 30 Apr 2020

Jun SP (2012) A comparative study of hype cycles among actors within the socio-technical system: with 
a focus on the case study of hybrid cars. Technol Forecast Soc Change 79(8):1413–1430

Jun SP, Park DH (2016) Consumer information search behavior and purchasing decisions: empirical evi-
dence from Korea. Technol Forecast Soc Chang 107:97–111

Jun SP, Park D (2017) Visualization of brand positioning based on consumer web search information: 
using social network analysis. Internet Res 27(2):381–407

Jun SP, Park DH, Yeom J (2014) The possibility of using search traffic information to explore consumer 
product attitudes and forecast consumer preference. Technol Forecast Soc Change 86:237–253

Kim H, Hanssens DM (2017) Advertising and Word-of Mouth effects on pre-launch consumer interest 
and initial sales of experience products. J Interact Mark 37(1):57–74

Kim DJ, Kim WG, Han JS (2007) A perceptual mapping of online travel agencies and preference attrib-
utes. Tour Manag 28:591–603

Knoke D, Yang S (2008) Social network analysis, 2nd edn. Sage, Thousand Oaks
Law R, Au N (1999) A neural network model to forecast Japanese demand for travel to Hong Kong. Tour 

Manag 20(1):89–97
Lewis RC (1984) The basis of hotel selection. Cornell Hotel Restaur Admin Q 25(1):54–69
Lewis RC (1985) The market position: mapping guests’ perceptions of hotel operations. Cornell Hotel 

Restaur Admin Q 26:86–99
Lewis RC (1990) Advertising your hotel’s position. Cornell Hotel Restaur Admin Q 31(2):84–91
Li X, Law R (2019) Forecasting tourism demand with decomposed search cycles. J Travel Res 

59(1):52–68
Livestats (2020) https://​www.​inter​netli​vesta​ts.​com/​google-​search-​stati​stics/. Accessed 25 Apr 2021
McLaren N, Shanbhogue R (2009) Using internet search data as economic indicators. Bank Engl Q Bull 

51(2):134–140
Murugan A (2013) Tourism and public relations. Kalpaz Publications, Delhi
Newman MEJ (2010) Networks: an introduction. Oxford University Press, New York
Nuss P, Graedel TE, Alonso E, Carroll A (2016) Mapping supply chain risk by network analysis of prod-

uct platforms. Sustain Mater Technol 10:14–22
Otte E, Rousseau R (2002) Social network analysis: a powerful strategy, also for the information sciences. 

J Inf Sci 28:441–453
Padhi SS, Pati RK (2017) Quantifying potential tourist behavior in choice of destination using Google 

Trends. Tour Manag Perspect 24:34–47
Pan B (2015) The power of search engine ranking for tourist destinations. Tour Manag 47:89–87
Pan B, Litwin SW, Goldman H (2006) Real users, real trips, and real queries: an analysis of destina-

tion search on a search engine. In: Annual Conference of Travel and Tourism Research Association 
(TTRA 2006). Dublin, Ireland

Park S, Lee J, Song W (2017) Short-term forecasting of Japanese tourist inflow to South Korea using 
google trends data. J Travel Tour Mark 34:357–368

https://storage.googleapis.com/gweb-news-initiative-training.appspot.com/upload/GO802_NewsInitiativeLessons_Fundamentals-L04GoogleTrends_1saYVCP.pdf
https://storage.googleapis.com/gweb-news-initiative-training.appspot.com/upload/GO802_NewsInitiativeLessons_Fundamentals-L04GoogleTrends_1saYVCP.pdf
https://www.haberturk.com/gizli-mod-sandiginiz-kadar-gizli-degil-3020982-teknoloji
https://www.haberturk.com/gizli-mod-sandiginiz-kadar-gizli-degil-3020982-teknoloji
https://horwathhtl.com.tr/en/publication/european-chains-hotels-report-2019/
https://horwathhtl.com.tr/en/publication/european-chains-hotels-report-2019/
https://www.internetlivestats.com/google-search-statistics/


83

1 3

Can Google Trends data provide information on consumer’s…

Peng B, Song H, Crouch G (2014) A meta-analysis of international tourism demand forecasting and 
implications for practice. Tour Manag 45(1):181–193

Pike S (2012) Destination positioning opportunities using personal values: elicited through the repertory 
test with laddering analysis. Tour Manag 33:100–107

Porter ME (1980) Competitive strategy. The Free Press, New York
Rivera R (2016) A dynamic linear model to forecast hotel registrations in Puerto Rico using Google 

Trends data. Tour Manag 57:12–20
Ruhnau B (2000) Eigenvector-centrality- a node-centrality? Soc Netw 22(4):357–365
Saxena R (2008) Marketing management, 3rd edn. McGraw-Hill Publishing, New York
Schmidt T, Vosen S (2011) Forecasting private consumption: survey-based indicators vs. Google Trends. 

J Forecast 30(6):565–578
Schultz CD (2020) Informational, transactional, and navigational need of information: relevance of 

search intention in search engine advertising. Inf Retriev J 23:117–135
Scott SL, Varian HR (2013) Bayesian variable selection for nowcasting economic time series. NBER 

working paper. http://​www.​nber.​org/​papers/​w19567.​pdf. Accessed 3 Sept 2020
Sheffield JP (2020) Search engine optimization and business communication instruction: interviews with 

experts. Bus Prof Commun Q 83(2):153–183
Song H, Li G (2008) Tourism demand modelling and forecasting—a review of recent research. Tour 

Manag 29(2):203–220
StatCounter (2021) https://​gs.​statc​ounter.​com/​search-​engine-​market-​share. Accessed 1 May 2021
Suhoy T (2009) Query indices and a 2008 downturn: Israeli data. Discussion paper no 2009-06, Bank of 

Israel
T.C. Kültür ve Turizm Bakanlığı (2019) https://​yigm.​ktb.​gov.​tr/​Eklen​ti/​63643​,turiz​mista​tisti​kleri​genel​

deger​lendi​rme20​18pdf.​pdf?0. Accessed 27 Aug 2019
TÜRSAB (2019) https://​www.​tursab.​org.​tr/​istat​istik​ler-​icerik/​turizm-​geliri. Accessed 27 Apr 2019
Valente TW (2010) Social networks and health: models, methods, and applications. Oxford University 

Press, Oxford
Van der Zee E, Bertocchi D (2018) Finding patterns in urban tourist behavior: a social network analysis 

approach based on TripAdvisor reviews. Inf Technol Tour 20:153–180
Wasserman S, Faust K (1994) Structural analysis in the social sciences. Social network analysis: methods 

and applications. Cambridge University Press, Cambridge
World Tourism Organization (2020a) World tourism barometer, January, vol 18, no 1. https://​doi.​org/​10.​

18111/​wtoba​romet​ereng.​2020.​18.1.1. Accessed 1 Oct 2021
World Tourism Organization (2020b) Impact assessment of the Covid-19 outbreak on international tour-

ism. https://​www.​unwto.​org/​impact-​asses​sment-​of-​the-​covid-​19-​outbr​eak-​on-​inter​natio​nal-​touri​sm. 
Accessed 1 Oct 2021

World Travel and Tourism Council (2021) Travel & tourism economic impact 2021. https://​wttc.​org/​
Porta​ls/0/​Docum​ents/​Repor​ts/​2021/​Global%​20Eco​nomic%​20Imp​act%​20and%​20Tre​nds%​202021.​
pdf. Accessed 29 Sept 2021

Wu L, Brynjolfsson E (2009) The future of prediction: how Google searches foreshadow housing prices 
and sales. Working paper. https://​papers.​ssrn.​com/​sol3/​papers.​cfm?​abstr​act_​id=​20222​93. Accessed 
20 Apr 2019 

Xiang Z, Pan B (2011) Travel queries on cities in the United States: implications for search engine mar-
keting for tourist destinations. Tour Manag 32:88–97

Yang X, Pan B, Song H (2014) Predicting hotel demand using destination marketing organization’s web 
traffic data. J Travel Res 53(4):433–447

Yang X, Pan B, Evans JA, Lv B (2015) Forecasting Chinese tourist volume with search engine data. Tour 
Manag 46:386–397

You Y, Vadakkepatt GG, Joshi AM (2015) A meta-analysis of electronic word-of-mouth elasticity. J 
Mark 79(2):19–39

Youn S, Cho HC (2016) Nowcast of TV market using Google Trend data. J Electr Eng Technol 
11(1):227–233

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published 
maps and institutional affiliations.

http://www.nber.org/papers/w19567.pdf
https://gs.statcounter.com/search-engine-market-share
https://yigm.ktb.gov.tr/Eklenti/63643,turizmistatistiklerigeneldegerlendirme2018pdf.pdf?0
https://yigm.ktb.gov.tr/Eklenti/63643,turizmistatistiklerigeneldegerlendirme2018pdf.pdf?0
https://www.tursab.org.tr/istatistikler-icerik/turizm-geliri
https://doi.org/10.18111/wtobarometereng.2020.18.1.1
https://doi.org/10.18111/wtobarometereng.2020.18.1.1
https://www.unwto.org/impact-assessment-of-the-covid-19-outbreak-on-international-tourism
https://wttc.org/Portals/0/Documents/Reports/2021/Global%20Economic%20Impact%20and%20Trends%202021.pdf
https://wttc.org/Portals/0/Documents/Reports/2021/Global%20Economic%20Impact%20and%20Trends%202021.pdf
https://wttc.org/Portals/0/Documents/Reports/2021/Global%20Economic%20Impact%20and%20Trends%202021.pdf
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2022293

	Can Google Trends data provide information on consumer’s perception regarding hotel brands?
	Abstract
	1 Introduction
	2 Literature review
	2.1 Search engine and positioning
	2.2 Social network analysis centrality measures
	2.3 Degree centrality
	2.4 Closeness centrality
	2.5 Betweenness centrality
	2.6 Eigenvector centrality

	3 Methodology
	4 Results
	5 Discussion
	6 Conclusion
	References




