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This study analyses the social media engagement (SME) received by Instagram posts from a tourism destination
based on communication and mental imagery theories. This research considers both the type of sender (tourists
vs. residents) and the content of the message (pictorial stimuli: places of interest vs. hospitality services;
centricity stimuli: people vs. without people). Web scraping technique is used for data collection. Content
analysis is then applied on 27,088 Instagram posts using artificial intelligence techniques (machine learning and
deep learning); and a univariate generalized linear model is conducted to analyze differences in SME. Results

show that pictorial stimulus determines SME, being higher for images focused on places of interest, and pho-
tographs with people get higher SME too. The type of sender also influences SME and exerts a moderating role
reinforcing the effect of centricity on SME for tourists. These results provide interesting insights for destination
marketing managers and Instagram users.

1. Introduction

A positive and strong tourism destination image (TDI) acts as an
attraction element for other tourists. Specifically, a strong TDI can be a
competitive advantage over other destinations, something more
important today than ever, since tourism has been the sector most
affected by the COVID-19 pandemic, and TDI can help the recovery of
tourism markets (Zuo et al., 2023). A powerful TDI makes a good
impression, and a destination only has one opportunity to make a good
first impression, something essential to succeed in today’s highly
competitive tourism market, where photos have acquired a prominent
role in achieving it (Picazo & Moreno-Gil, 2019).

For this aim, destination marketing organizations (DMO) use social
media to promote their TDI, but it remains a challenge for DMO to un-
derstand the type of content that attracts the most attention from users
on social media in order to promote visits to the destination (Abbasi,
Tsiotsou, Hussain, Rather, & Ting, 2023). In this respect, social media
engagement is an important success metric, commonly used to assess
marketing results, because it influences the attitude toward tourist
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destinations and the perception of hospitality services (Filieri, Yen, &
Yu, 2021; Li & Xie, 2020), and it is also tied to the virality of
user-generated content. More specifically, with the emergence of social
media, research that analyses TDI through user-generated content, and
specifically by tourists, has grown and has established itself as a popular
and very useful topic for the development of TDI (Arefieva, Egger, & Yu,
2021; Picazo & Moreno-Gil, 2019; Zuo et al., 2023).

As aforementioned, a powerful source of information that can be
found in social media is photography. Photos have always been an
inseparable part of the tourism experience and are also linked to the TDI
displayed on social media, as visual content offers irrefutable proof that
something has happened at a certain moment (Tribe & Mkono, 2017). In
addition, in the big data era, photos of destination experiences shared on
social media platforms have become the main source of information
through which audiences receive the image of the destination (Deng &
Liu, 2021). But tourism researchers have persistently used textual data,
ignoring image analysis, which today can be performed automatically
through artificial intelligence, and that allows the obtaining of different
relevant data on tourist behavior (Balomenou & Garrod, 2019). Indeed,
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the role that images play in generating engagement remains a largely
unexplored question (Li & Xie, 2020).

Photos allow a holistic understanding of experiences and provide
tourism researchers with a different type of information that is capable
of encompassing those experiences (Bell & Davison, 2013). Tourists use
images as a means to build their vacation experience, capture their
memories, and share them with their community on platforms such as
social media (Lo & McKercher, 2015). It is true that several authors
highlight the subjectivity of photos, since the choice of what to photo-
graph is an inherent part of the photographic process, but that choice
rests with the photographer, who chooses what to photograph, when,
and where, in order to show the most decisive aspects in the configu-
ration of their own tourism experiences (Balomenou & Garrod, 2019).
Therefore, photos can convey complex meanings and insights on their
own, with the indissoluble link between the tourism experience and
photography (Tribe & Mkono, 2017).

The report The 2023 Experiences Traveler concludes that Instagram is
the most influential platform for those looking to plan activities while
traveling, and more and more people are turning to Instagram to explore
other users’ experiences, get inspired, and see what it is possible to do on
their travels, preferring this type of visual option over reading long re-
views in other sources such as TripAdvisor (Arival, 2023). This report
confirms also that the main social media platform where users share
their photo experiences is Instagram, which has 1.3 billion users that
generates hundreds of millions of photos and videos daily
(DataReportal, 2023). For example, the hashtag #travel has 682 million
posts (Instagram, 2023). These hashtags are often used by tourists to
select their favorite destinations, decide before the trip where to travel,
and take their photos and share them online during the trip, as taking
photos has become a popular and indispensable tourism activity (Deng
& Liu, 2021). For this reason, Instagram is the extremely lively visual
platform that contributes the most to the formation of the TDI (Volo &
Irimias, 2021). Despite its relevance, an in-depth analysis of the visual
elements in Instagram images is still lacking in the literature (Hauser,
Leopold, Egger, Ganewita, & Herrgessell, 2022). Indeed, image data-
bases were rarely studied as they were considered to lack objective
truth, but rigorous investigation of social media images could establish
the legitimacy of visual content, because users show their experience
like a showcase: the content they want to attract their audience with will
reward them with likes and comments (Volo & Irimias, 2021).

In addition, it is undeniable that the TDI is the direct result of the co-
creation of experiences not only by tourists, but also by residents,
destination managers, and tourism intermediaries (Yiiksel & Yanik,
2014). On the one hand, the DMOs try to control their projected image
and direct their communication campaigns on social media, but on the
other hand, tourists also participate in this creation of the TDI by sharing
their experiences (Patil & Agusti, 2021; Volo & Irimias, 2021), and there
is also no doubt that the residents themselves who live in the destina-
tions also contribute to forming the TDI (Zuo et al., 2023). In this
respect, previous literature has examined the overlapping of different
tourist images distributed through official tourist brochures, travel
guides, and user-generated content on Instagram (Paiil & Agusti, 2018;
2021), but to the best of our knowledge, co-creation between residents
and tourists has not been examined deeply (Lin, Chen, & Filieri, 2017).
Therefore, there is a need to understand how followers in social media
engage with the content shared by residents and tourists regarding a
destination.

Similarly, tourism implies the use and enjoyment of a set of services,
such as tourist attractions and hospitality services (Lugosi & Walls,
2013). Finding references for both in the form of visual content is
important for tourists, since in the planning phase, they try to imagine
what their overall experience will be like. There is evidence on what
type of environmental stimuli related to restaurants, accommodation, or
tourist attractions encourages users to post photos on their social media
(Li, Zhang, & Hsu, 2023); however, for the moment, it is not known what
type of photographic content promotes greater engagement on
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Instagram (An, Ma, Du, Xiang, & Fan, 2020; Apaolaza, Paredes, Hart-
mann, & D’Souza, 2021; Chen, Chan, & Egger, 2023).

Finally, the tourist experience also involves people, and conse-
quently these people show themselves reflected in the photos they share
with their community. It is common to find research that classifies the
content of the photos into different categories such as food or accom-
modation, but it is also necessary to analyze the consequences of
including people in the photos (Huai, Chen, Liu, Canters, & Van de
Voorde, 2022; Li et al., 2023; Wang, Luo, & Huang, 2020), because those
people are one of the most important elements in the TDI
(Aramendia-Muneta, Olarte-Pascual, & Ollo-Lopez, 2021), and allow the
enhancing of engagement in social media (Tamaki, 2021).

Bearing all these in mind, the current research contributes to previ-
ous literature, both theoretically and methodologically, in the following
ways.

e First, we aim to understand engagement with Instagram publications
based on the characteristics of the photographic content. Specif-
ically, we differentiate between places of interest and hospitality
services as the focus of the photo, and we compare whether the photo
includes persons or not. In addition, we evaluate potential differ-
ences in the influence of the photographic content on engagement
due to the characteristics of the sender of the photo (i.e., tourists vs.
residents).

Second, this study used photographs as a data source, which helps
reduce the gap between theory and practice in terms of the use of
visual data in tourism research (Balomenou & Garrod, 2019), and
provides a novel method of data collection based on big data tech-
niques (i.e., web scraping).

Third, to advance tourism research in the big data era (Deng & Liu,
2021; Zhang, Chen, & Lin, 2020), artificial intelligence techniques
were applied for the analysis of the downloaded data: machine
learning models were applied for the analysis of polarity text, and
deep learning models in the field of computer vision were applied for
visual content analysis in this study.

To do this, we developed a large data set by downloading 139,273
Instagram posts between 2010 and 2022 with their photos, texts, and
metadata. After applying artificial intelligence techniques to identify the
research variables, 27,088 posts shared by tourists and residents were
finally analyzed. All these posts belong to a cultural and gastronomic
destination of the Camino de Santiago, UNESCO World Heritage Site
since 1993 (UNESCO, 2023). Lastly, communication theory (Schramm &
Roberts, 1954) and mental imagery theory (Maclnnis & Price, 1987)
provide theoretical support to the proposed relationships.

2. Literature review
2.1. Communication theory

One of the historical and central concerns of marketing research is
the development of effective communications that successfully achieve
marketing objectives (Baker, 1976). For this, Schramm and Roberts
(1954) developed their general Theory of Communication involving
three central elements (i.e., source, message, and receiver), that may
also apply in the social media environment (Walton & Rice, 2013).
Specifically, the classical communication process involves a sender that
transmits a message through a channel to a receiving audience (Bao &
Chang, 2014), with feedback and interaction between the sender and the
receiver being key elements in communication (Schramm & Roberts,
1954). In traditional advertising, a company (sender) creates an
advertisement (message) that is disseminated through various media
channels such as television, print, or online platforms (channel) to reach
consumers (audience). The effectiveness of this communication is often
measured by the consumers’ responses, such as purchasing the adver-
tised product or engaging with the brand (feedback).
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Social media is thus the perfect channel to study Schramm and
Roberts’s model (1954) as social media is oriented toward bidirection-
ality, where the sender and the receiver interact in a process in which the
design of the message is the key to the success of the communication,
and in which the sender intentionally seeks the success of their
communication (Mikacova & Gavlakova, 2014).

The communicative act arises from the sender, who wants the
communication to take place, and designs a key message for a successful
communication of their message, and that communication only occurs if
the receiver understands the message (Stidsen, 1975). In a context of
social media, this implies that the user (sender) chooses how, when, and
where to share their experience (message) on social media (channel), in
such a way that the community (receivers) understands that message
and interacts with the user (for example, liking or commenting the
sender’s publication; that is, generating receivers’ engagement). This
last point is very important because communication theory considers
that the reception of a message depends on the responses it generates
(Peetz, De Rijke, & Kaptein, 2016).

In the context of tourism and hospitality, communication theory has
been applied to understand how DMOs effectively communicate with
potential tourists. For instance, DMOs create promotional campaigns
(message) that are broadcasted through social media platforms (chan-
nel) like Instagram to attract tourists (audience). The engagement
metrics such as likes, shares, and comments (engagement) indicate how
well the message has been received and can influence the audience’s
travel decisions (Filieri et al., 2021).

Specifically in the context of experiences, the sender-message-
receiver communication model is appropriate as tourists (senders) can
share their photos of the destination (messages) on social media
(channel) which are interpreted at the receiving end of the communi-
cation channel by their community (receivers), influencing their atti-
tudes and behavior toward content and destination; therefore, it is not
surprising that communication theory has been applied in social media
platforms such as Flickr (Kim & Stepchenkova, 2015) and Twitter (Peetz
etal., 2016). However, to the best of our knowledge, the communication
theory model has not been extensively applied to the context of Insta-
gram, which is currently the most successful social media platform for
sharing photographic content (Arival, 2023).

In addition, previous studies suggest that the effectiveness of the
communication process via social media in the tourism and hospitality
context may depend on the characteristics of the sender and the message
(Akdim, 2021). Therefore, even though no differentiation has been
made in previous literature between types of users who build the TDI (e.
g., tourists vs. residents), this communication process may also hold for
residents who may post their photos of their place of residence. Simi-
larly, message characteristics such as whether the picture is focused on a
place of interest or on a hospitality service (pictorial stimulus), the main
themes displayed in the social media images relate to the TDI (Lai & To,
2015), and whether the photo includes persons or not (centrality stim-
ulus), are one of the most important elements that affects engagement in
social media TDIs (Aramendia-Muneta et al., 2021; Tamaki, 2021) and
may affect customer responses. As a result, based on communication
theory, this study will differentiate between senders (tourists vs. resi-
dents) who share a photo post (message) with different characteristics
on Instagram (channel), and how the community (receivers) interacts
and engages with that content (feedback).

2.2. Mental imagery theory

As shown, communication has traditionally been understood as the
process through which a sender transmits information to a receiver, and
it is particularly relevant to distinguish between the different functional
roles played by sender and receiver (Ferretti, Adornetti, & Chiera,
2022). The key factor that the sender considers is the effect that their
message will have on the receivers. However, from a receiver’s point of
view, the key factor is the information received, and their behavior will
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change if them receives enough information and know how to interpret
it (Carazo & Font, 2010).

Images are one of the key elements that make transmitted messages
powerful in influencing receivers, since they allow the generation of
visual and mental representations of a scene that has properties similar
to the representations elicited by external stimuli (Ferretti et al., 2022).
To address the need to understand how these images drive consumer
behavior, this study turned to mental imagery theory, which places the
customer’s imagination at the center of their decision-making (Heller,
Chylinski, de Ruyter, Mahr, & Keeling, 2019).

Mental imagery is a mental experience generated from different
stimuli that arises in the absence of true physical stimuli, triggering a
process by which visual information is represented in working memory
(MaclInnis & Price, 1987; Schifferstein, 2009). For example, when they
see an image of a tourist enjoying a tourism experience, customers use
mental images to generate a representation in their mind and visualize it
in their lives, that is, users have the ability to generate and transform
images outside of their sensory experience (Heller et al., 2019; Pearson,
Naselaris, Holmes, & Kosslyn, 2015).

The mental activity that leads to imaginary visualization can be
provoked with different stimuli: visual, olfactory, gustatory, or haptic
(Miller & Stoica, 2004). Specifically, it has been found that mental im-
ages induced by visual stimuli, such as photos, are the most relevant to
the process of learning and establishing information (Heller et al., 2019;
Schifferstein, 2009). In addition, it has been shown that, among the
different sensory stimuli that a tourism destination transmits (such as
images, sounds, and texts), only images promote the creation of mental
images, reinforcing a positive attitude toward the destination
(Khalilzadeh, Pizam, Fyall, Tasci, & Hancock, 2023; Lee & Gretzel,
2012).

However, in spite of the relevance of visual stimuli, little attention
has been paid to the role of mental imagery in social media, and spe-
cifically Instagram (Arival, 2023). Today, users spend more than 2.2 h of
their leisure time on social media, which accounts for the largest single
share of their connected media time (35% of the total; DataReportal,
2022), and most declare that they are inspired by social media to select
their next destination (Arival, 2023). Since the choice of destination is
influenced by the mental images that tourists form based on the ex-
pected experience in the destination (Lee & Gretzel, 2012; Oh, Fiore, &
Jeoung, 2007), it is necessary to delve into this aspect of the research
and find the reasons that lead users to interact with the photos of the
destination, making them go viral. Thus, this study associates the mental
images that allow the cognitive mechanisms of information processing
prior to the trip to the destination, with a key variable that defines re-
ceivers’ satisfaction with the content shared about the experience, that
is, engagement.

2.3. Social media engagement

When people use their social media profiles, they enter into a circle
of continuous information sending and receiving, in which the main
interaction action is social media engagement (SME) (Abbasi et al.,
2023). Specifically, SME is defined from a behavioral perspective as the
post-interaction in terms of the number of likes and comments (Mele,
Filieri, & De Carlo, 2023).

In the tourism and hospitality context, SME is an important success
metric for a DMO, because it influences attitude toward tourism desti-
nations (Filieri et al., 2021) and consumers’ perception of a hospitality
service company (Dijkmans, Kerkhof, & Beukeboom, 2015). In addition,
user engagement with social media content reflects its effectiveness,
since higher levels of engagement with certain content can translate into
actual user behavior, for example word-of-mouth about or visiting the
destination (Pino et al., 2019). That is, the benefits of posting tourism
images for the DTI will only be realized if the receivers respond to the
content, since the response (i.e., likes, comments, and shares) means
that others reflected on the post and considered its content as important
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(Tamaki, 2021).

As a result, SME metrics are commonly used to measure and evaluate
the marketing results obtained by certain content on social media, and
several studies have examined the determinants that drive the virality of
user-generated content when this content is text (Chintagunta, Gopi-
nath, & Venkataraman, 2010; Tan, Lee, & Pang, 2014). However, the
role that images and their content play on generating engagement has
remained a largely unexplored question (Li & Xie, 2020). In this respect,
there is evidence that SME is affected not only by the content of the
message (e.g., pictorial content), but also by who sends the message
(Pino et al., 2019). These types of characteristics can predict differences
in engagement in social media (de Vries, Peluso, Romani, Leeflang, &
Marcati, 2017). Even though the literature on tourism devotes more and
more attention to such effects (Pino et al., 2019), we still lack a
comprehensive view of the visual content-related features of images that
trigger engagement. Based on the aforementioned theories and focused
on the Instagram context, this research aims to shed some light on this
issue.

3. Formulation of hypotheses
3.1. Hospitality services and points of interest as pictorial stimulus

Tourism implies the use and enjoyment of a set of services, such as
transportation, tourist attractions, tourist activities, gastronomy, or ac-
commodation, promoting the tourist experiences of the destinations
(Lugosi & Walls, 2013). In the planning phase of visiting destinations,
tourists consider several important things. On the one hand, they aim to
understand or imagine what places of interest they will visit on a
destination and how their experience will be. On the other hand, they
also consider hospitality services (e.g., accommodation options) that
may affect their experience at the destination (Han, Kim, & Hyun, 2011).

Based on mental imagery theory (Schifferstein, 2009), social media
photos may be fundamental to anticipate the tourist experience nowa-
days. However, previous research has not analyzed images differenti-
ating between the characteristics of the tourist environment: the places
of interest and the hospitality services (Zhang, Zhang, & Yang, 2023;
Zuo et al., 2023). In general, places of interest represent the essence of a
tourist destination better than hospitality services, and the receiver, in
their mental representation of the photo (Aramendia-Muneta et al.,
2021; Tamaki, 2021), can better understand the positive emotions of the
message transmitted by the sender, resulting in greater interaction with
the published content. Therefore, we propose the following hypothesis.

H1. Instagram posts focused on places of interest in a tourist destina-
tion will generate greater engagement than those Instagram posts
focused on hospitality services.

3.2. Centricity as centrality stimulus

When analyzing the visual content shared by tourists, it is important
to consider the differentiation between photos with and without people
at the destination. Although some studies have classified the types of
images that are photographed at the destination, reaching the conclu-
sion that the vast majority are related to food, accommodation, or points
of interest (Huai et al., 2022; Li et al., 2023; Wang, Luo, Huang, & Sam,
2020), it is necessary to make a subclassification to consider whether or
not people appear in the depicted scene, since the person is a central
element in the engagement that receives a photo (Aramendia-Muneta
et al., 2021; Tamaki, 2021; Zhang et al., 2023). The concept of
centricity, as used in this study, refers to whether photographs include
people or not. This is supported by prior research indicating that photos
featuring people tend to attract more engagement in terms of likes and
comments, specifically photos with faces are significantly more likely to
receive likes and comments compared to those without faces (Bakhshi,
Shamma, & Gilbert, 2014). The fact that people appear in the
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photographs, and the context, are one of the most important variables in
the study of TDI (Aramendia-Muneta et al., 2021). The content that
tourists show in the images can be classified into different categories,
such as “self-centric,” photos that show users experiencing the destina-
tion, and “site-centric,” photos focused on the attributes of the desti-
nation, without focus on people (Tussyadiah & Fesenmaier, 2009),
among other types.

In this respect, some authors argue that the way in which a place is
represented reflects the way in which the self is represented through
photography, being able to choose whether the tourist becomes the site
or not (Dinhopl & Gretzel, 2016; Lo & McKercher, 2015). Some studies
suggest that posts that express the presence of the person encourage likes
(Tamaki, 2021), probably because it is easier for the receiver to imagine
the positive experience that the sender is living. Furthermore, a recent
study also concludes that the presence of a person in photographs allows
users to imagine their future travel experiences in the depicted travel
scenes, contributing to the perceived attractiveness of the destination (Li
& Wan, 2025).

Based on the above, this study suggests that Instagram post including
photos with people will generate more engagement and proposes the
following hypothesis.

H2. Instagram posts with photos including people will generate
greater engagement than those without people.

3.3. Tourists and residents as content generators

The sender of the message in a tourism context related to social
media is extremely important, since it is the person who decides what
experience to show to their community, when to do it, and through what
stimuli (Kim & Stepchenkova, 2015). In this respect, two types of
senders may emit a message about a destination: tourists and residents
(Lin et al., 2017). Both tourists and residents are key stakeholders of
cities (Molinillo, Anaya-Sanchez, Morrison, & Coca-Stefaniak, 2019) as
well as content generators that co-create the image of the destination,
which can shape the city image, and that interact with each other
through the content generated on social media (Priporas, Stylos, &
Kamenidou, 2020). However, previous studies mostly focus on tourists
(e.g., An et al., 2020; Bufquin, Park, Back, Nutta, & Zhang, 2020;
Tamaki, 2021).

There is evidence showing that these groups behave differently. For
example, tourists are more likely to take pictures related to place iden-
tity, sculptures, and buildings (Huai et al., 2022), whereas residents
prefer to frequent places of entertainment, shopping, and hospitality
services such as restaurants (Khan, Wan, & Yu, 2020), and pay more
attention to the natural environment and culture (Zhang et al., 2020). In
any case, when traveling, tourists show different images from usual,
while residents show common places and elements (Gunter & Onder,
2021), so that tourists’ followers may be more impressed due to the
novelty and react with more likes and comments to the tourists’ posts. In
addition, based on mental imagery theory (Schifferstein, 2009), fol-
lowers will more easily identify with the positive tourist experience
when the focus of the picture is a place of interest and when people are
included in the photo. On the one hand, places of interest are more
representative of the identity of the destination (e.g., Belanche, Casalo,
& Flavian, 2017), so that followers may more easily imagine how pos-
itive and special the experience is. On the other hand, a picture is worth
a thousand words, so it is easier to imagine the positive touristic expe-
rience when people are included in the picture. In turn, residents’ fol-
lowers may be more familiar with the posts as they include content that
is more related to the daily life of the resident. As a result, this study
proposes the following hypotheses.

H3. Tourists’ Instagram posts will generate greater engagement than
residents’ Instagram posts.

H4. The type of sender (tourist vs. resident) will moderate the effect
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proposed in H1, so that this effect will be reinforced when the sender is a
tourist.

H5. The type of sender (tourist vs. resident) will moderate the effect
proposed in H2, so that this effect will be reinforced when the sender is a
tourist.

In summary, this study develops a theoretical model on how the
characteristics of the message and the sender affect the receiver and
their behavior with that content. In addition, this research considers the
number of hashtags and mentions as control variables, knowing that the
reason for users deploying them is to become popular and get more likes
(Chatzopoulou, Filieri, & Dogruyol, 2020). Likewise, another variable
that allows us to control this study is the influence rate, measured
through the followers and followee count. These measures have already
been previously tested for their effect on engagement on Instagram
(Tafesse & Wood, 2021). The research framework can be seen in Fig. 1.

4. Methodology

To test the proposed model, this research implemented different
techniques for downloading data (first phase), structuring and cleaning
the database (second phase), analysis of textual data (third phase) and
photographic data (fourth phase), manipulation of variables (fifth
phase), and the final statistical analysis (sixth analysis). The research
procedure is presented in Fig. 2 and the classification of the variables
employed in this research in Fig. 3.

The first phase consisted of downloading images, texts, and meta-
data of the destination’s points of interest. Specifically, 139,273 posts
shared by Instagram users at the selected destination were downloaded
using the web scraping technique. The chosen destination belongs to one
of the Camino de Santiago’s routes, a cultural UNESCO World Heritage
destination (UNESCO, 2023) with specific and homogenous character-
istics that allow analysis without bias related to the behavior of tourists,
as can exist in other type of destinations, such as sun and beach.

Web scraping is a technique that has grown rapidly in the disciplines
of marketing and the tourism context, and consists of extracting data
from web pages in an organized and automated way (Yu & Egger, 2021).
The web scraping technique reflects three main advantages. The first
one is that it allows the automated, structured, and fast download of
data on the network (Arefeva & Egger, 2022). Another advantage is that
it allows the obtaining of any type of data shared on Instagram, such as
photos in.jpg or.png format, UTF-8 texts and emojis, and metadata of the
users who share the content, such as their username and location, the
likes and comments of the post, or the followers and the followings of the
user. The third advantage is that this data is anonymized at the time of
construction of the download database, prior to downloading, allowing

MESSAGE RECEIVER

Hospitality
services VS. |
Points of interest A H1

— H2

Engagement

Y
With people VS. [ Y
Without people H4

N/ H5

Tourist VS.

Resident

Control Variables:
Influence, Hashtags,
Mentions

SENDER

Fig. 1. Research framework.
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us to comply with the European Data Protection Law (Yu & Egger,
2021).

The web scraping technique is crucial to improve the analysis of
social media engagement and the understanding of travelers’ behavior
as engagement has been shown to determine travel intentions (Tran &
Rudolf, 2022).

The second phase consisted of differentiating between tourists and
residents within the database, given the importance of knowing the
profile of the sender. In this case, the photos analyzed were shared be-
tween 2010 and 2022. Each photo is accompanied by metadata that
allows the user to be identified through an anonymized ID. This code
allows us to know how many photos each user has uploaded in that time
period; therefore, by grouping all the information for each anonymized
code of each user, we can know if that person is a tourist or a resident. In
order to distinguish between tourists and residents in this database, two
methods were applied.

The first was to label the database into two types: users who had
published photos in that destination for 30 consecutive days or less, in
this case they were considered visitors, and users who had published
photos for more than 30 days, in this case they were considered residents
(Gunter & Onder, 2021). The second method consisted of labeling and
dividing the database among users who had published 30 photos or less
in the destination, in which case they were considered tourists (Gomez,
Gomez, Gibert, & Karatzas, 2019). In addition, to reduce the risk of miss
election, posts containing business data such as email accounts and
phone numbers, and posts containing a high rate of hashtags were dis-
carded (Gomez et al., 2019). The high rate of hashtags in a post was
achieved through machine learning techniques explained below.

The third phase consisted of analysis of the sentiment of the texts
accompanying the photos using machine learning techniques, once the
database was labeled with tourists and residents. Advanced methodol-
ogies such as machine learning have been employed to enhance the
measurement and analysis of destination brand experiences before
(Calderon-Fajardo, Anaya-Sanchez, & Molinillo, 2024). In this research,
the machine learning model NLTK (NLTK, 2023) was implemented for
the sentiment analysis is based on Python code and belongs to
open-source software. This tool with a machine learning approach al-
lows sentiment analysis to be carried out through text content analysis
using a pre-trained model, and returns a rating between —1 (the most
negative text possible) and 1 (the most positive possible). Since the goal
of this study is to understand how Instagram posts may help develop a
positive and strong TDI (Holbrook & Hirschman, 1982), sentiment
analysis allowed us to detect positive transmitted experiences, avoiding
neutral or negative experiences, which are not the subject of this study.
Finally, 27,088 positive sentiment posts were obtained (with a polarity
between 0.5 and 1, as can be seen in Table 1, which reflects a positive or
extremely positive publication). These posts were analyzed using deep
learning techniques, explained below. The machine learning technique
also made it possible to find out the number of hashtags and the number
of mentions to other Instagram users in each post, two of the control
variables in this study.

The fourth phase consisted of extracting information from the
photos. For this, deep learning methods were applied through the con-
volutional neural network framework for Python with different classi-
fications. It is important to note that although machine learning and
deep learning are both artificial intelligence techniques, they have
important differences. While machine learning techniques work with
regression algorithms and/or decision trees, deep learning techniques
use neural networks that try to imitate the functioning of biological
neural networks (T.K. et al., 2021).

The most useful artificial intelligence method for image classification
is neural networks, since they allow, among others, the classification of
images based on the different objects found within the image (such as
people, monuments, targets, etc.) These networks are trained from
millions of images. This database is divided into training and testing
tests, and this allows the neural networks to learn from the pixels and the
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Fig. 2. Research procedure.

labels of the images. The networks create different layers and convolu-
tions and become models that users can adapt in the last layers to
implement in their databases (Fig. 4). For this reason, this research
applied different open-source neural networks that are already pre-
trained.

The first implemented neural network is DeepFace (Serengil, 2023),
an open-source model that allows easy recognition and analysis of facial
attributes using Python. This neural network was developed using
state-of-the-art models such as VGG-Face, Google FaceNet, OpenFace,
Facebook DeepFace, DeeplD, ArcFace, Dlib, and SFace. Its accuracy is
higher than that of the human brain, located at 97.53%. This first neural
network made it possible to know if people appear in the photos or not.
In addition, it was possible to know the total number of people in each
photo. This allowed us to obtain the centricity variable of this study, in
which zero people means “without people,” and one or more people
means “with people.”

The second neural network, called places365 (Kalliatakis, 2020),
allowed the knowledge of the type of scene transmitted in each photo.
This neural network was trained with 1.8 million images from 365 scene
categories and implemented the Keras models of the pre-trained VGG16

CNNs on Places365-Standard (Zhou, Lapedriza, Khosla, Oliva, & Tor-
ralba, 2018). This variable, together with the location of each photo
obtained from the metadata of the web scraping download, allowed us
to distinguish between scenes at the destination (photos with monu-
ments, museums, general destination characteristics, etc.), or scenes
related to hospitality services (photos in bars, pubs, restaurants, etc.).

The fifth phase consisted in the creation and manipulation of the
variables once the database was obtained. First of all, following the most
widespread metric in academia, the SME rate refers to the average
number of interactions, in the case of Instagram comments and likes (as
sharing is not readily available on Instagram (Li & Xie, 2020), and on the
number of followers during the selected period time, expressed as a
percentage (Yost, Zhang, & Qi, 2021). Therefore, we measure engage-
ment with each publication as the total number of likes and comments in
relation to the number of followers of the user who published the
Instagram post (Hauser et al., 2022).

Regarding control variables, we identified the number of hashtags
and mentions of the publication, and differentiated between those with
and without hashtags and mentions. Likewise, an influence rate is
calculated by comparing the number of followers and followees of the
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Fig. 3. Classification of variables under the research framework.

sender. In this respect, a greater influence is associated to the sender
when they have a greater number of followers than of followees (Tafesse
& Wood, 2021). The structure and classification of the whole database
obtained after these five stages can be seen in Table 1.

As a result of this process, our final data set to be analyzed consisted
of 27,088 posts. It is important to note that all groups considered in this
research (according to different sender types, and different stimulus on
the message) were highly represented (Table 2).

The sixth phase consisted of a statistical analysis to analyze the
effect of the different independent variables on engagement. An IBM
SPSS statistics v.26 univariate generalized linear model (UGLM) analysis
was carried out. This type of method provides a regression analysis and
an analysis of variance for a dependent variable using several factors or
variables. In addition, this methodology allows introducing the effects of
covariates or control variables (IBM, 2022), which allowed the
measuring of the effect of hashtags, mentions, and the influence of the
sender in the model. In addition, this type of analysis made it possible to
study both the direct effects between variables and the moderating effect
of the sender variable in the relationship between the type of content
and engagement.
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5. Results

Results from the UGLM analysis show that there are significant dif-
ferences in engagement (Table 3 shows descriptive results for engage-
ment according to the different subgroups formed by the independent
variables). First, focusing on direct effects, we find support for H1 as the
pictorial stimuli influences engagement (Fq, 27,086 = 16.443, p < 0.01).
Specifically, greater engagement emerges when posts are about places of
interest (M = 8.999) rather than hospitality services (M = 4.335). These
results are in line with previous reviews of the literature that found that
photos related to restaurants or hotels received fewer comments and
likes (Aramendia-Muneta et al., 2021). Similarly, UGLM analysis reveals
significant differences in the engagement obtained when the centricity
type changes, thus, H2 is also supported (Fq, 27,086 = 3.858, p < 0.01). In
this case, greater engagement is found for photos with people (M =
9.410) than without people (M = 6.311). This result also allows us to
ratify previous results in the literature on the human being as a central
element of photography to achieve greater engagement
(Aramendia-Muneta et al., 2021; Zhang et al., 2020), so that photos
must include people that show they are having fun and being enter-
tained during their experience to obtain a higher engagement (Hou &
Pan, 2023). In addition, in support of H3 (F1, 27,086 = 5.375, p < 0.01),
we also find significant differences in the engagement obtained when
the sender type changes. Higher engagement is observed when the
sender is a tourist (M = 8.662) than when they are residents (M =
5.741). Therefore, our results are consistent with previous literature
indicating that tourists receive more comments and likes than destina-
tion residents (Gunter & Onder, 2021). Indeed, when tourists travel,
they are showing a facet of their daily life that is different from the usual,
while residents show common places and elements with their commu-
nity, which are not as impressive as the content shown by a tourist, and
therefore receive a lower engagement rate (Gunter & Onder, 2021).

Turning to the moderating effects proposed in the research model,
we find a significant moderating effect of sender profile on the influence
of centricity on engagement, which supports H5 (Fy, 27,086 = 7.036, p <
0.01). In particular, the effect proposed in H2 is strengthened when the
sender is a tourist. Specifically, if a tourist shares content, greater dif-
ferences in engagement appear when the photo includes people (M =
11.581) than when nobody is included (M = 6.772). In turn, almost no
difference in engagement arises when the sender is a resident My
people = 5 0.952, Myjithout people = 5.611) (see Fig. 5). Therefore, when
tourists share their experience on Instagram, their community expect
that their experience be represented by the person in that destination,
something inherent to the mental imagery theory. In other words, it is
extremely important to see the person enjoying the tourist experience,
and for this reason the images of the tourists receive a higher rate of
engagement; however, for the viewers of residents’ content, the people
are not so important, but the context it is important (Zhang et al., 2023).

Table 1
Classification of variables.
Variable Measure Type Technique Author
Engagement Likes + Comments Continuous Web scraping Yost et al. (2021)
Followers
Pictorial stimulus 1 = Places of interest Dichotomous Web scraping & Deep learning Zhang et al. (2020)
0 = Hospitality services
Centricity 1 = With people Dichotomous Web scraping & Deep learning Adapted from Aramendia-Muneta et al. (2021)
0 = Without people
Sender 1 = Tourist Dichotomous Web scraping Kim and Stepchenkova (2015); Peetz et al. (2016)
0 = Resident
Influence Followers >1 = Influencer Dichotomous Web scraping .
_— . Tafesse and Wood (2021)
Following = <1 = Non-influencer
Hashtags 1 = Hashtags included Dichotomous Web scraping & Machine learning Chatzopoulou et al. (2020)
0 = Hashtags not included
Mentions 1 = Mentions included Dichotomous Web scraping & Machine learning Chatzopoulou et al. (2020)
0 = Mentions not included
Polarity Between —1 and 1 Continuous Web scraping & Machine learning Bhatt and Pickering (2023)
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Table 2
Sample classification.
Construct Variables n
Pictorial stimulus Places of interest 18,459
Hospitality services 8629
Centricity With people 10,538
Without people 16,550
Sender Tourist 16,437
Resident 10,651

However, H4 is not supported as the sender profile does not mod-
erate the influence of pictorial stimuli on engagement (Fy, 27,036 = 0.002;
p > 0.1). The results show that, compared to a service context, photos in
places of interest increases engagement in a similar way for both types of
senders (see Fig. 6). In any case, regardless of whether the photo is taken
in a place of interest or hospitality service context, the users who obtain
the most engagement are tourists, probably because, as aforementioned,
they are in a different context from their routine. In turn, residents show
photos in a context that most of their community is familiar with.

Regarding the control variables, both the influence level of the user
that posts the image (Fq, 27,086 = 12.844, p < 0.01) and the number of
hashtags (F1, 27,086 = 15.068, p < 0.01) are significant, but the number
of mentions to other Instagram users is not (Fq, 27,086 = 0.074). Although
users make use of hashtags and mentions to other users to get more
engagement and be more popular, it can be seen that the use of more
mentions is not significant (Chatzopoulou et al., 2020). The results are
consistent when we consider likes or comments separately. Although the
antecedents influencing engagement are similar, it is important to note
that most of the engagement is made up of likes. This observation aligns
with existing literature, which suggests that likes are more prevalent due
to the ease and minimal effort required compared to comments (Tamaki,
2021). For instance, posts that feature the presence of a person tend to
encourage more likes, as they facilitate the receiver’s ability to imagine
the sender’s positive experience, thereby fostering a quick and effortless
form of engagement (Roma & Aloini, 2019; Smith, Fischer, & Yongjian,
2012). This highlights a significant distinction in how likes and com-
ments contribute to overall engagement, with likes being the dominant
form due to their simplicity.

6. Discussion

This research analyzes the engagement received by 27,088 Insta-
gram posts from different types of users (tourists and residents)
depending on their content (hospitality services and places of interest),
and its centricity (with people or without people), drawing on the the-
ories of communication and mental imagery to understand the responses
of users to the TDI in social media publications. In addition, the
moderating effect of the type of sender is analyzed and their influence is
controlled through the number of hashtags, mentions, and the influence
itself. Prior to the statistical analysis, a filtering of the database and a
content analysis using artificial intelligence of texts, images, and meta-
data was carried out. The results provide DMO and social media users
with insights into their Instagram strategies.

6.1. Theoretical implications

This study contributes to a better understanding of the mechanisms
that explain the creation of a link with the destination caused by the
display of visual content generated by both tourists and residents about
the tourist destination in social media. Specifically, the results allow us
to confirm both communication theory and mental imagery theory as
explanatory theories of behavior in social media in tourist contexts. On
the one hand, communication theory helps to explain the communica-
tion process that exists in social media when residents or tourists
(sender) post a picture about a destination (message) on Instagram
(channel) that can be seen by other users of the application (receivers),
who can interact with the publication (feedback).

On the other hand, mental imagery theory serves to understand why
both pictorial stimuli (hospitality services vs. points of interest) and
centrality stimuli (with vs. without people) of the message affect the
receivers’ response. In this respect, mental imagery theory supports the
idea that receivers identify more easily with the positive tourist expe-
rience when people are included in the photo (so it is easier to see what
they are feeling) and when the focus of the picture is a place of interest,
which better represents the essence of a tourist destination. In addition,
due to the novelty of visiting a touristic destination, the effect of cen-
trality stimuli is reinforced when the sender is a tourist, as it is easier for
the receiver to understand how the sender is enjoying the situation when
they appear in the publication. As a result, this study expands the
literature on tourism and destination management by focusing on visual
content and empirically testing the effect of the aforementioned stimuli
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Table 3
Descriptive statistics (dependent variable: engagement).
Centricity Sender Pictorial Mean Standard n
stimulus deviation
Without Resident  Hospitality 2.692 3.616 3440
people service
Place of 8.814 66.303 3134
interest
Total 5.611 45.952 6574
Tourist Hospitality 4.413 7.296 2399
service
Place of 7.519 25.435 7577
interest
Total 6.772 22.492 9976
Total Hospitality 3.399 5.503 5839
service
Place of 7.898 41.761 10,711
interest
Total 6.311 33.822 16,550
With Resident  Hospitality 4.819 5.241 1635
people service
Place of 6.711 7.161 2442
interest
Total 5.952 6.525 4077
Tourist Hospitality 8.381 21.920 1155
service
Place of 12.277 119.697 5306
interest
Total 11.581 108.875 6461
Total Hospitality 6.294 14.765 2790
service
Place of 10.523 99.166 7748
interest
Total 9.410 85.389 10,538
Total Resident  Hospitality 3.377 4.324 5075
service
Place of 7.893 49.940 5576
interest
Total 5.741 36.325 10,651
Tourist Hospitality 5.703 13.980 3554
service
Place of 9.479 79.285 12,883
interest
Total 8.662 70.509 16,437
Total Hospitality 4.335 9.633 8629
service
Place of 8.999 71.701 18,459
interest
Total 7.512 59.477 27,088
14
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Fig. 5. Engagement means according to the type of sender and centricity.

included on pictures posted on Instagram (centrality and pictorial) on
the engagement that the content generates.

In addition, mental imagery could be integrated into the Stimulus-
Organism-Response (S-O-R) model (Mehrabian & Russell, 1974) to un-
derstand why the audience interacts with the content. According to the
S-O-R model, the stimulus (S) is the Instagram post, which includes
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Fig. 6. Engagement means according to the type of sender and the type of
pictorial stimulus.

visual elements such as photos of places of interest and hospitality ser-
vices. The response (R) is the engagement measured through likes,
comments, and shares. The missing component, the organism (O), in-
volves the cognitive and emotional processing by the audience, which
can be explained through mental imagery theory. Mental imagery the-
ory posits that visual stimuli, such as photos, trigger mental images in
the audience’s minds, making it easier for them to imagine experiencing
the depicted scenes themselves. This ease of imagining would act as the
organism (O) in the S-O-R model, mediating the relationship between
the stimulus and the response. Further research should confirm this
proposal in an experimental design.

In addition, this study contributes to previous research that analyzed
the relation between scenes and engagement rate (Aramendia-Muneta
etal., 2021), by differentiating between points of interest and hospitality
services in the destination, revealing that engagement rate is higher in
the former, as explained above. Finally, the study provides important
implications for the TDI literature, as it serves to understand under
which stimuli (included in the photo posted on Instagram) greater
engagement with the content is generated and, consequently, a more
positive TDI may be formed.

6.2. Managerial implications

The findings of this study provide evidence to understand what type
of content is best to use in visual marketing promotions on social media.
This research makes it possible to propose strategic lines of action for
DMOs. Firstly, it is surprising to learn that both destination-focused
photos and hospitality-focused photos gain more engagement when
people are in the photos. Thus, since content marketing on social media
is growing more and more, DMOs must encourage tourists and tourism
managers to share photos with a human element. In addition, results
suggest that a greater influence level of the user that posts the image
may serve to increase engagement. To take advantage of this result, a
good strategy could be, within a process of collaboration and co-creation
of TDI, to cooperate with influencers from social media platforms, urg-
ing them to share experiences with human elements (Femenia-Serra,
Gretzel, & Alzua-Sorzabal, 2022; Zhang et al., 2023).

Besides, since point of interest and hospitality service photos gain
more engagement when the sender is a tourist, this study recommends
encouraging the posting of photos during the tourism experience
(Araujo-Batlle, Garay-Tamajon, & Morales-Pérez, 2023). More specif-
ically, since destination photos double the engagement rate of hospi-
tality services, DMOs should promote taking photos on “instagrammable
places,” for example, creating selfie points. In any case, our results
suggest that managers of hospitality services in the destination should
include customers in their photos to obtain a higher engagement rate on
the posts related to the hospitality service.
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Finally, this study advocates artificial intelligence technology and
automatic analysis of content shared on social networks through big
data and machine learning and deep learning techniques. Numerous
open-source models are already available to help DMOs efficiently and
accurately detect the visual properties of tourist-generated photos
(Zhang et al., 2023).

6.3. Limitations and future research

This study has limitations that could be addressed in future research
mainly due to the specific context of analysis. First of all, the study was
carried out under a single destination approach with its own peculiar-
ities. Future research should validate these findings in other destinations
with different characteristics (e.g., sun and beach destinations, nature
destinations, or urban destinations). Second, this research was carried
out with a sample of 139,273 Instagram posts in a context of positive
tourism experience, which could limit the generalizability of the find-
ings. It would be interesting to replicate these findings with different
experiences, particularly with negative experiences (Kim, Guo, & Wang,
2022), but it would be interesting to analyze negative comments to
predict and avoid TDI crises. Third, the characteristics of the receiver are
omitted in this investigation. However, differences at the viewers’ in-
dividual level (e.g., personality) could moderate the behavior of users in
the interaction with the content. Future research should focus on un-
derstanding the role of these receivers’ characteristics. Fourth, focusing
on the sender, only content from users has been analyzed, that is,
tourists and residents, but not from organizations or companies that also
contribute to the image of the destination. Fifth, even though we focused
on text-based variables (e.g., hashtags, mentions, or polarity), it would
also be important to carry out a more in-depth analysis of the text, in
which variables such as irony, the subjectivity of the message, and even
photo-text congruence are taken into account. Similarly, a limitation of
the neural network is that it identifies just the main scene of the photo,
but it may be a combination (e.g. a restaurant in front of the Eiffel
Tower). Even though most of the photos just show one scene, future
improvements of neural networks may overcome this issue.

In addition, only Instagram image posts were analyzed, while this
social media platform is in continuous evolution and has recently
incorporated other types of content such as stories or reels through
which tourists also show their tourist experience. As other visual sensory
modalities represented on Instagram, such as videos with sound, can
induce mental imagery, it is recommended to analyze these new types of
content, even new social platforms such us TikTok (Barta, Belanche,
Fernandez, & Flavian, 2023).

Besides, as aforementioned, future research could deepen on inte-
grating our research model into the S-O-R and employ experimental
designs to confirm that mental imagery processing acts as the organism;
that is, the underlying mechanism that explains the influence of the post
(the stimulus) on engagement (the response). Since communication
theory considers that the reception of a message depends on two aspects:
the responses it generates, and particularly the sentiment (Peetz et al.,
2016), it is also important to understand what sentiment the posts
generate. Therefore, different scenarios could be developed to show
various types of Instagram posts and, after being randomly exposed to
one of them, participants would be asked to rate the ease with which
they can imagine themselves in the depicted scenes, followed by
measuring their engagement behaviors. This would help confirm that
mental imagery serves as the mechanism through which visual stimuli
generate engagement responses.

Another recommendation for future research is to investigate the
impact of vibrant and visually appealing content on social media
engagement. While the current study focuses on the content type and
centricity of Instagram posts, it does not include a variable for the visual
attractiveness or the use of filters that enhance the vibrancy of images.
Previous research has shown that visual appeal significantly affects user
engagement and attitudes towards destinations (Filieri et al., 2021; Kim
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& Stepchenkova, 2015). Future studies could explore how the use of
vibrant colors, high-quality visuals, and popular filters affect user
engagement. This could involve an experimental design where different
versions of the same image, with varying degrees of visual appeal, are
tested to measure their impact on engagement metrics. Understanding
these aspects could provide a more comprehensive view of how online
visual elements influence the audience’s interaction with
tourism-related content (Molinillo et al., 2019).
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