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.Abstract
Purpose. The aim of this paper is to demonstrate the extent to which it is possible to 
automatically extract photo content data in terms of human-embedded emotions such 
as un/happiness and if it is possible to analytically detect and recreate tourists› emotions 
through Artificial Intelligence (AI) and Large Language Models (LLMs).

Methodology. We built and trained a classifier machine to automatically analyse pictures 
of real tourists in five international destinations. We then compared them with a silicon 
sample of tourists generated by AI and LLMs.

Findings. This study extends our knowledge and practice of tourists› emotions 
identification by utilising new methods involving AI. This study demonstrates the 
advantages of combining facial analysis of individuals› emotional reactions, by offering 
an alternative to the self-reports. Also, our work provides further evidence of the limited 
adequateness of LLMs in associating the information in the provided textual data 
(prompts). 

Originality. To the best of our knowledge, this is the first empirical study that attempts 
to analytically detect and recreate tourists› emotions through Artificial Intelligence (AI) 
and large language models (LLMs) by utilising synthetic data based on a silicon sample 
of tourists. 

Practical implications. Our work shows how to evaluate consumers› psychological state 
or emotional reactions towards a specific destination with new tools not completely 
relying on tourists› self-reports. In our work, instead, we discuss a new possible approach 
to capture real emotions and how they could be measured, allowing extracting virtual 
insights into tourists› experiences and preferences towards specific destinations and 
locations.

Keywords. Tourist behavior; emotional analytics; synthetic data; silicon sample; LLMs; 
Generative AI (GenAI), machine learning
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1. Introduction

Researchers have largely exemplified the importance of emotions in explaining tourists’ 
behaviour (Bigne & Andreu, 2004; Nawijn et al., 2013; Zhao et al., 2024; Li et al., 2022). 
They have been reported as the most significant element affecting the travel industry 
(Mitas et al., 2012). In particular, emotions, as these are shaped during visitation, have 
been acknowledged for their role in influencing tourists’ level of satisfaction, word-of-
mouth recommendations, and revisit intentions (Hosany et al. 2015, 2017; Prayag et al., 
2017). Previous studies (e.g., Jordan & Prayag, 2022; del Bosque & San Martin, 2008; Lin 
et al., 2014; Nørfelt et al., 2023) have used the positive/negative emotions dichotomy 
as “it exemplifies the positive effects vacationing has on tourists’ emotions” (Lin et al., 
2014, p.417). 

Nevertheless, until now, the vast majority of studies mainly follow a cognitive perspective 
when theorising and modelling tourists’ evaluations of their travel experiences (e.g., Kim 
& Ritchie, 2014; Ma et al., 2013), although there is consensus on the need for further 
unravelling the role of tourists’ emotions in shaping the overall travel experience 
(Carlson et al., 2016). Hence, only recently authors have attempted to understand the 
role of emotions in the context of tourism and hospitality (e.g., Hosany et al., 2021; Hsu 
et al., 2024; Prayag et al., 2017; Ruiz-Mafé et al., 2016). These studies are drawn upon 
surveys involving consumers, thus the results are based on the tourists’ actual state 
when replying and need the interaction between researcher and respondent. Still, there 
is a need for more empirical studies in the field (Isaac & Budryte-Ausiejiene, 2015), as 
the mechanism of emotions creation and the link with affect are complex and largely 
undefined (d’Hauteserre, 2015; Li, Scott, & Walters, 2015). In this vein, Stylos (2022) posits 
that logical and rational processes do not always drive individual decision-making. 
Instead, emotions may play a key role in shaping decisions, which should be included 
in relevant consumer behaviour modelling. In this vein, Ameen and colleagues (2024) 
postulate that advancing our capabilities with better detection of human emotions and 
interactions via AI tools can be very beneficial so that authentic human emotions can 
be tracked down.

Interestingly, until now no study has empirically investigated tourists’ emotional 
expressions through facial coding on images and utilising machine learning techniques 
in the analysis framework, although there are several studies on the importance of 
photo sentiment on tourist behaviour (Li et al., 2022), or of human facial expressions 
in other than tourism fields (Cho et al., 2014; Kalsi & Rai, 2017; Zhao et al., 2015). Most 
of these studies demonstrates the technical aspect of operationalising facial analysis in 
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images and the level of particular software applications’ success in capturing individuals’ 
emotional states via (static) images (e.g. Ahn et al.; Verma & Sharma, 2013).   

The recent progress in artificial intelligence (AI), with an emphasis on generative AI, 
made available many tools to automatically generate a large range of content, from 
adverts to new product designs to recommendations to consumer services. Accordingly, 
scholars are debating on using them constructively and ethically also in research 
(Acikgoz et al., 2023; Sarstedt et al., 2024). Other scholars suggested the possible usage 
of generative AI to create “artificial or silicon samples” of users, namely synthetic data 
samples in consumer research, for instance to achieve synthetic interview data that 
could be easily interpreted and analysed (Sarstedt et al., 2024). However, it is not yet 
clear how generative AI can reflect human behaviours in each dimension, especially 
in the tourism context (Viglia et al., 2024). Indeed, recent authors are debating how 
generative AI tools can supplement or fabricate data production (Islam and Greenwood, 
2024) or capture the complexity of human emotions (Coppini et al., 2023). For instance, 
recent studies found that the level of abstraction provided by generative AI tools like 
ChatGPT provides recommendations that might be largely different from the traditional 
ones based instead on humans (Kirshner, 2024).

The aim of this paper is to demonstrate the extent to which it is possible to automatically 
extract photo content data in terms of human-embedded emotions such as un/happiness 
and if it is possible to analytically detect and recreate tourists’ emotions through Artificial 
Intelligence (AI) and Large Language Models (LLMs). This study contributes to the 
current body of research on tourists’ emotions, information systems research literature 
on generative AI and silicon sample generation. Specifically, our paper contributes to 
the literature on tourism (cognitive) behaviour using internet multimodal data, and it 
posits new challenges that tourism managers may face prompted by new technological 
advances.
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2. Literature Review

2.1. Emotions in Tourism Research 

Emotions have been conceptualised as positive or negative affect (Ahn & Kwon, 2022; 
Nawijn, 2011) which have a direct effect on a person’s thinking and behaviour (Mitas et al., 
2012; Magids et al., 2015) and can influence the quality of life (Fredrickson 2000). Bagozzi, 
Gopinath, and Nyer (1999, p. 184) defined emotion as “a mental state of readiness that 
arises from cognitive appraisals of events or thoughts; has a phenomenological tone; is 
accompanied by physiological processes; is often expressed physically (e.g., in gestures, 
posture, facial features); and may result in specific actions to affirm or cope with the 
emotion, depending on its nature and meaning for the person having it”. Similarly, Isaac 
and Budryte-Ausiejiene (2015) assert that emotions “are affective states characterised 
by occurrences or events of intense feelings associated with specific evoked response 
behaviours”. Individuals are usually aware of their emotions, while their moods are 
more general and subtle, and often work beneath their consciousness (Goossens, 2000). 
Malone and colleagues (2014) claimed that emotions are very subjective, intense and 
salient. Emotions are expressed at three different levels: through subjective experience, 
through expressive behaviour, and physiological changes (Ekman, 1992). Because 
of these characteristics, researchers (Lin et al., 2014; Mitas et al., 2012) point out that 
emotions are most helpful in understanding tourists’ experiences. 

In the tourism context, prior studies examined the relationship between emotions and 
satisfaction (e.g., Bagheri et al., 2024; del Bosque & San Martin, 2008; Hosany & Prayag 
2013; Prayag et al., 2017), intention to return (e.g. Han & Back, 2007; Peng et al., 2023); 
customer loyalty (e.g., Qi et al., 2023; Stylos & Bellou. 2019), behavioural intentions (e.g. 
Bigné, Andreu, & Gnoth, 2005; Jang & Namkung, 2009; Soltani et al., 2021), willingness to 
recommend (e.g. Hosany & Prayag 2013; Jang & Namkung, 2009; Wang et al., 2023); word 
of mouth (Ladhari, 2007; Stylos et al., 2024), perceived overall image (e.g. Li et al., 2023; 
Prayag et al., 2017); personality (Lin et al., 2014); place attachment (e.g. Io, 2018; Zheng et 
al., 2023), emotions as a segmentation basis for leisure and tourism services (e.g. Bigné & 
Andreu, 2004; Millán et al., 2016) and as an influencer on decisions to purchase tourism 
and leisure services (e.g. Kwortnik & Ross, 2007; Pop et al., 2022).

Prayag et al. (2017) and Hosany and colleagues (2021) conclude that (1) types (positive 
or negative) and intensity of emotions vary across products and stages of the travel; (2) 
positive emotions are more extensive in tourists’ recalled experiences; and (3) emotions 
are significant antecedents to satisfactory tourist experiences and/or behavioural 
intentions. However, emotions from tourism pictures have been analysed only in terms 
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of colours/brightness, considering the dichotomy of positive/negative sentiment when 
associated with text reviews (Li et al., 2022).

From a methodological point of view, several different methods and approaches have 
been employed to explore emotions and their effects in the tourism field, such as semi-
structured in-depth interviews, surveys, text-mining/content analysis and sentiment 
analysis of online reviews (e.g., Godnov & Redek, 2016; Magnini et al., 2011; van Es & 
Reijnders, 2016). However, it has been suggested that reporting emotions via interviews, 
surveys, blogs and reviews, provided sometime after coming back from the trip, may not 
be the best way to capture tourists’ emotions, considered as conscious (or self-reported) 
techniques for evaluating emotional responses in market research that might interfere 
with the accuracy of the research, since the report is made after the experience and 
much of the emotion processing happens below the level of conscious awareness (Marci 
& Murray, 2017). Indeed, a reason for this is that tourists start shaping memories outside 
of their lived experiences at the destination, thus altering the emotions felt during 
visitation (Hosany et al., 2017; Kahneman et al., 1999). In this vein, researchers started 
using biometrics, such as facial recognition and other tools to measure an individual’s 
emotional response (Lu & Zhang, 2017). Nevertheless, Mauss and Robinson (2009, p.228) 
argue that “there is no ‘gold standard’ measure of emotional responses”.

 

2.2. Facial Expressions

Since ancient times, in every culture, there was the belief that the face is a window to 
a person’s true nature, and there is a direct connection between facial appearance and 
personality (Todorov et al., 2015). The study of the facial expression of emotion originated 
in 1872, with Charles Darwin’s The Expression of Emotions in Man and Animals being 
a seminal work. He indicated that facial expressions transmit information concerning 
a human or animal’s basic behavioural intentions and emotional tendencies to others 
(Ekman, 2003; Fagerstrøm et al., 2017). 

Drawing from experimental psychology, a clear link between emotions and human 
facial and body reactions has been made by Ekman and Friesen (1978), who observed 
that emotions pop out, resulting in facial expressions. Several distinct emotions have 
been extensively studied, and a systematisation that relates them to facial expressions 
has been released and tested in various settings over the last forty years (Ekman & 
Rosenberg, 1997; Kohler et al., 2004). Researchers generally agree that the human 
face is one of the most important non-verbal means of communication since it can 
divulge information about a person’s emotions (Popa et al., 2017). Furthermore, there is 
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strong evidence that facial expressions can play a critical role in predicting individuals’ 
preferences (Choi et al., 2016; Ekman & Oster, 1979; Somerville et al., 2011) and thus 
benefit both the signalers and the receivers of those ‘messages’ (Fagerstrøm et al., 2017; 
Fridlund, 1997; Söderlund & Sagfossen, 2017). 

The human face is considered the fundamental nonverbal source of communication 
of felt emotions (Small & Verrochi, 2009) and is easily accessible for others to spot 
(Carroll & Russell, 1996). From the expressions of others, we can extract information 
about their underlying emotions resulting from social intentions and motivations 
with other humans (Harker & Keltner, 2001; Reeve, 2024; Schmidt & Cohn, 2001; 
Söderlund & Sagfossen, 2017; Somerville et al. 2011) or with artificial agents (e.g., Borghi 
& Mariani, 2022; Flavian et al., 2024). People can make up to 10,000 combinations of 
facial movements (Ekman & Rosenberg, 1997); thus, facial expressions are critical 
stimuli in social interaction (Schmidt & Cohn, 2001). Zhi and colleagues (2017) pointed 
out that analysing facial expressions is one of the most essential methods for revealing 
consumers’ emotions and associated attitudes. 

People are particularly well-equipped to assess the level of happiness in a face, so this 
expression is recognised very rapidly (Batty & Taylor, 2003). Previous studies (e.g., 
Hack, 2014; Magnini et al., 2013) indicate that people with happy facial expressions (i.e., 
a smile) are considered to own more positive characteristics (e.g., being friendly and 
sociable) than people with non-happy facial expressions. Ert and Fleischer (2016) also 
found that Airbnb hosts’ photos influence guests’ decisions and that a more trustworthy 
photo leads to higher prices and increased intention to book. Similarly, attractive profile 
photos on Facebook initiate friendships (Wang et al., 2010). However, visual analytics in 
the tourism and hospitality sector is still lower investigated (Xu et al., 2024; Giglio et al., 
2020).
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3. Methodology 

The research is based on a three-step approach that involves (1) developing a machine 
learning algorithm for effective automatic appraisal of real tourists’ emotions (Study 
1); (2) using GAI to generate images of tourists showing two fundamental emotions 
(happiness and sadness) (Study 2); and (3) comparing the results of the emotional 
analytics of the real VS silicon sample. 

3.1. Study 1: Evaluating emotions from real tourists 

Machine learning techniques are specific algorithms able to make predictions based on 
available data. For this study, we (i) built the classifier machine (i.e. a machine labelling 
the set of data), (ii) tested/validated it, (iii) developed a system to acquire and input 
data from Flickr, and (iv) used the emerging machine to evaluate tourists’ emotions 
in five different tourism destinations. In other words, the system receives many image 
cases of happy/unhappy faces (labelled data) in a set of tourism destinations as input. 
In this study, following the positive/negative emotions dichotomy used in past studies 
(e.g., Jordan & Prayag, 2022; del Bosque & San Martin, 2008; Lin et al., 2014; Nørfelt et al., 
2023; Li et al., 2022) we limited the data detection to only un/happy, exemplifying the 
positive effects of the tourism destination has on tourists’ emotions (Lin et al., 2014). By 
generating clustering algorithms that separate the emerging clusters, it “learns” how to 
distinguish one type of data from another based on available datasets concerning five 
selected destinations. 

3.1.1. Classifier machine setting

A classifier machine m considers as an input a set of elements belonging to a set I, and 
classifies them while assigning them a unique label (continuous or discrete):

(1) 𝑚:𝐼→𝑆

In other words

(2) 𝑖𝜖𝐼→m(𝑖)𝜖𝑆

رجـــب  1446هـ - ديسمبر 2024مالعـــــدد )170(

indd   271.170 ددعلا يرادالاindd   271.170 ددعلا يرادالا م 11:53:08   17/02/2025م 11:53:08   17/02/2025



270

If 𝑆⊆ℝ, where ℝ includes a real number, thus m is a classifier with real values, while if 
𝑆⊆𝑍, where 𝑍 includes relative numbers, m is a classifier machine with discrete values. 
In this study we limit our analysis to the discrete values. 

If consider 𝑆𝑖⊂𝐼 the set of elements of 𝐼 to guarantee (𝑥)=𝑠𝑖, ∇𝑥𝜖𝑆𝑖, thus the elements 
of 𝑆𝑖 will be part of 𝐼, in other words:

 )3( 𝐼=𝑆𝑎∪𝑆𝑏∪⋯∪𝑆𝑛 

Where 𝑆={𝑎,𝑏⋯𝑛} 

𝑆𝑖∩𝑆𝑗=∅, ∇ 𝑖, 𝑗𝜖𝑆 

The formula (3) states that the classifier machine assigns a unique label to each element 
of 𝐼. 

We also consider classifier machines with output, in other words with 𝑆={0,1}. Since our 
machine will consider the faces of consumers, and we evaluate only two main emotions 
(happy/unhappy), thus we assign the value 1 to “happy” and 0 to “unhappy”. 

Usually, elements of 𝐼 are 

vectors 𝑣𝑖: - 𝑖 with dimension 0, 𝑣𝑖=(𝑎𝑖,𝑏𝑖 ⋯𝑐)𝑖  traditional vectors with n

(𝑎𝑟𝑠)𝑖 matrix with dimension n*m 

(𝑎𝑟𝑠𝑡)𝑖 tensors with 3 indexes with dimension n*m*h.

Accordingly, elements of 𝐼 will belong to a hyperspace ℝ, ℝ𝑛, ℝ𝑛*𝑚, ℝ𝑛*𝑚*ℎ, etc. The 
objective is to build a binary classifier machine able to identify the hyperplane in two 
regions, to ensure that each element of the hyperspace belonging to that set will get the 
unique label (will be assigned to a certain region of the hyperspace).

In our case we will use only images with the dimension of 80x80 pixels. Thus, the 
matrix will have 80x80 elements (this means that the images will be reduced/enlarged 
accordingly):

 )4(  𝐴=(𝑎𝑖𝑗),𝑖=1,2⋯80, 𝑗=1,2⋯80
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Where 𝑎𝑖𝑗 represents a particular color in RGB format. Cosequently, the elements we 
want to classify are 𝐴𝜖. Using proper metrics, we can find a hyperplane or a hypersurface 
able to divide 𝐼⊂ into two subsets to minimise the distances among the elements of the 
same family, using proper metrics. In trained machines, such as the one we adopt in this 
research, we can use the set 𝐼, whose elements already have a label to train the classifier 
machine to assign to each element of  a label (1 or 0). 

 

3.1.2. Data settings

As anticipated, after identifying the set , we need to build the set 𝐼 to train the machine. 
The images included in 𝐼 will be in RGB format with 80x80 pixels. To each of those, 
we will assign a label (happy or unhappy) corresponding to the binary value 1 or 0. To 
distinguish happy and unhappy emotion, we will use Eckmann and Friesen’s (1975) 
research, which describes happy and unhappy emotion through particular patterns of 
the faces. 

Before starting the label assignment, it is necessary to have a massive number of images 
with different colours (e.g., black and white or greyscale, etc.), brightness and lights with 
one or more persons or even no persons. To this end, we selected 400 images available on 
Flicker with at least one person from the available pictures of the different locations. The 
following step consists of extracting faces from the images. To achieve this task, we used 
the function “FindFaces” available on the software Wolfram Mathematica. The software 
allows the use of images as input and extracts all the faces of people through a set of 
boxes, while the output of FindFaces is used as the input of the function “ImageTrim” 
and provides an image with the faces included in the box. 

The obtained images have different sizes; thus, we need to manipulate them to have a 
homogenous data set (in this case, the format is 80x80 pixels). We selected 200 images 
from the internet with happy faces, while the system extracted 467 faces. From this, 
we identified 150 images (not all the extracted ones were “correct”) and manipulated 
them to be in the proper format (80x80 pixels). We applied the same procedure to 200 
images with unhappy people; from this, we obtained 163 images and selected 150 to be 
manipulated for the format of 80x80 pixels.

3.1.3. Classifier machine buildin

To build the classifier machine, we again used Mathematica software. We defined a table 
of rules called “hu” (happy/unhappy), whose elements are the final pictures. Wolfram 
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Mathematica considers the table of rules “hu” as the input and provides the classifier 
machine as the output. Choosing the function “Classify”, Mathematica build the classifier 
machine (“mhu”). In particular, the system provides the following classifier function:

(5)

In this case, the software selected the method “NearestNeighbors” (k-nearest neighbours 
algorithm) amongst the possible ones as the most convenient one, which is the main 
one used in pattern recognition (Beliakov & Li, 2012; Datta et al., 2016; Xu et al., 2013). To 
test the machine’s correct functioning, we created two sets of images with faces, U and 
H. We collected these images using the same procedure we used for machine building. 
We manually assigned a label to the faces and compared the results with the machine-
generated one. Since the machine learning is supervised (in other words, the machine 
learns to classify the elements training), we manually verified that in the case of U, the 
results meet those expected for 43 images out of 50 (86%), while 41 out of 50 (82%) for 
H.

3.1.4. Findings

To this end, we included the specific location of 5 tourism destinations and asked the 
system to limit the data collection to the pictures available on Flickr referring to that 
specific location. In particular, we selected Cancun (Mexico), Copacabana Beach (Brazil), 
Waikiki (Hawaii, US), Sharm el Sheik (Egypt), and Rome (Italy). To achieve this task, we 
wrote a web app in PHP and Javascript format. To increase the speed of implementation 
of the web app through the usage of API, we used a wrapper (written in PHP: phpFlickr 
(available at https://github.com/dan-coulter/phpflickr), which allows the use of all the 
methods available through Flickr API (including visualisation, uploading, downloading, 
etc.). We chose Flickr since the photos uploaded on the platform can be used by others, as 
claimed in the agreement forms signed by registered uploaders. Moreover, this platform 
has been largely used in tourism research, and considered a reliable source of tourists 
pictures for related insights (Mor et al., 2023; Giglio et al., 2019).

The emerging code is the following, where “$radius” represents the maximum distance 
from the exact location (in this case, 1km). We collected 123 pictures for Cancun, 340 
for Copacabana Beach, 529 for Waikiki, 69 for Sharm el Sheik and 2220 for Rome. The 
system extracted 43 faces from the pictures of Cancun, 88 from Copacabana Beach, 111 
from Waikiki, 22 from Sharm el Sheik, and 163 from Rome.
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When the classifier evaluates a face, it assigns to each one a certain probability p of happy/
unhappy. If p>0.5, the face is evaluated as happy; otherwise, it is evaluated as unhappy. 
The results shows that the majority of the faces demonstrates happy expressions (as 
expected since people tend to share pictures when happy) (Table 1). Figure 1 summarizes 
the probability distribution for each tourism destination, as emerging from the classifier. 

Table 1: Number, mean, median and standard deviation of happy faces for each place 
(Source Authors).

Cancun Copacabana Waikiki Sharm Rome

Happy expression 41 85 102 19 135

Mean 0.71728 0.774888 0.767791 0.703710 0.724799

Median 0.62781 0.655090 0.568117 0.587242 0.684731

Standard Deviation 0.138373 0.178658 0.149931 0.14711 0.155855

Figure 1 summarizes the probability distribution of happy faces in quartiles (where the 
white line represents the median) for each place.

Figure 1: Probability distribution in quartiles (Source: Authors).
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3.2. Study 2: GAI generation of consumers’ images 

Despite the numerous GenAI tools to create appealing, vivid, and memorable images 
from texts (prompts) aligning with the users’ imaginary increasingly relevant for the 
tourism industry (Miao & Yang, 2023), we used Midjourney due to its availability and 
ease of usage. The prompt consists of the command “/image” and the following request 
to generate images of a tourist displaying a particular emotion in the specific place. 
Consistent with Study 1, the same number of faces have been considered. Accordingly, 43 
faces from the pictures of Cancun, 88 from Copacabana Beach, 111 from Waikiki, 22 from 
Sharm el Sheik, and 163 from Rome have been extracted from the system-generated 
images. Figure 2 shows an example of the final images and the related prompt, which 
did not include any specific reference to the demographics of the tourists. 

Figure 2: exemplar of images generated by AI for Cancun, Copacabana Beach, Waikiki, 
Sharm el Sheik, and Rome.
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The same classifier machine used in Study 1 was applied here, assigning to each 
expression the probability p of being happy or unhappy. Contrary to Study 1, Study 2 
results show that there are very few happy faces in the AI-generated images of tourists 
(Table 2). Contrary to Study 1, Study 2 results show that there very few happy faces in 
the AI-generated images of tourists (Table2). 

Table 2: Number, mean, median and standard deviation of happy faces for each place.

Cancun Copacabana Waikiki Sharm Rome

Happy expression 5 7 15 1 5

Mean 0.116279 0.079545 0.135135 0.045454 0.030864

Median 0.00 0.00 0.00 0.00 0.00

Standard Deviation 0.324353 0.272139 0.343418 0.2132 0.172967

Consistent with Study 1, Study 2 results show how it is possible to extract tourists’ 
emotions from static pictures of tourists. Moreover, when comparing the pictures of 
real tourists and the synthetic pictures generated by AI, we noticed that the synthetic 
pictures show a minimal percentage of pictures (less than 5%) of happy tourists. Also, 
if considering other analyses related to demographics, tourists are most aged between 
2035-, and close to 90% have a white background, while gender is equally distributed 
in male/female. The results change if we impose the condition of generating images 
of happy tourists, black tourists or other minorities, or a specific age range. Thus, the 
automatic generation of images does not entirely reflect a random sample of real tourists.
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4. Discussion and Conclusion

Our study contributes to the existing body of research relating to how tourists’ pictures 
represent a way to express their feelings towards a particular tourism destination, 
taking into consideration that posting a picture might be much easier than writing a 
review describing the experience (Xu et al., 2024; Li et al., 2022), with emotions showed 
in tourists pictures almost overlooked. Specifically, our study extends our knowledge 
and practice of tourists’ emotion detection and contributes to the ongoing research on 
their classification (Mauss & Robinson, 2009; Coppini et al., 2023) by further utilising 
new methods involving AI. In doing so, we provide additional results based on the 
facial expressions of tourists, as portrayed on social media posted photos during and 
after vacations. Thus, while past studies primarily analysed tourists’ pictures in terms 
of metadata (e.g., geographical position, date and time, etc.) or contents (Giglio et al., 
2019, 2020; Li et al., 2022; Xu et al., 2024), we considered photo content data in terms of 
human embedded emotion, which is new in tourism literature. In doing so, our paper 
shows that (i) tourists’ emotions can be automatically detected from static pictures 
(via the automatic extraction of faces); (ii) it is possible to understand the sentiment 
embedded in the pictures from tourists’ faces, and this understanding provides new 
insights of tourists’ emotional state when in the destination; and (iii) even if only 
positive, they provide insights of tourists state in a particular place within the tourism 
destination, which can replace or be associated with traditional self-reports tools. Thus, 
our paper contributes to the literature on tourism (cognitive) behaviour using internet 
multimodal data. 

In particular, our paper develops a model that automatically recognises tourists’ emotions 
through pictures based on two fundamental expressions: happiness and unhappiness 
(see Eckmann & Friesen, 1975, 1978). By developing the model to automatically examine 
user-generated photos in social media, we achieved highly accurate matching between 
depicted facial expressions and the corresponding machine’s capability to recognise 
the underlying emotions. Our findings shed light on the information contained within 
destination pictures in terms of tourists’ emotions, showing how this approach led to a 
deeper understanding of photo sentiment features, illuminating tourists’ emotions.

To the best of our knowledge, this study makes one of the earliest attempts to utilise the 
photo content data in terms of sentiments, and it demonstrates its exploratory power 
in understanding tourists’ emotional state in a specific destination through Artificial 
Intelligence (AI) and Large Language Models (LLMs). To this end, our study further 

رجـــب  1446هـ - ديسمبر 2024مالعـــــدد )170(

indd   264.170 ددعلا يرادالاindd   264.170 ددعلا يرادالا م 11:53:06   17/02/2025م 11:53:06   17/02/2025



263

compares and contrasts real and synthetic data based on a silicon sample of tourists. 
Accordingly, our work provides further evidence on the limited adequateness of LLMs 
in associating the information in the provided textual data (prompts), with identifiers 
like facial expressions underlying emotions that do not fully mimic tourism responses. 
In this way, we add further evidence on AI’s (in)ability to produce synthetic data in 
the tourism context (Sarstedt et al., 2024; Viglia et al., 2024). Thus, our study opens 
new directions for tourism marketing research by proposing the increase of classifier 
machine usage and other computational tools that may lead to the reduction of data 
collection via queries to tourists.

From a practical point of view, this study also shows the extent to which the new 
advances in computing capabilities offer new and more effective tools that tourism 
managers should be able to handle in order to build a competitive advantage for their 
organisations. Indeed, the ability to manage large volumes of data and achieve insights 
from their analysis may create a competitive advantage, as anticipated by Bradlow and 
colleagues in the retail context (2017). Accordingly, the ability to access cost-effective 
tools such as the one we proposed to systematically detect possible tourists’ underlying 
emotions–able to identify attitudes and potentially predict tourists’ behaviour in 
particular contexts would be very beneficial for tourism managers in the long run. 
Indeed, evaluating consumers’ psychological state or emotional reactions when in a 
particular destination is mainly based on self-reported questionnaires, interviews, or 
post-experience reviews, etc. Instead, in our work, we discuss a new possible approach 
to capture real emotions and how they could be measured while pointing out the 
limit of generative AI in reflecting human (tourist) multifaced behaviours. Therefore, 
tourism managers can benefit significantly from understanding tourists’ psychological 
states when in the destination with new tools, not completely relying on tourists’ self-
reports, and deepen their understanding of tourists’ opinions. Emotions represent a 
powerful way to understand tourists’ preferences, attitudes, and opinions, which could 
be automatically exploited through our approach. Finally, our results provide a new 
approach to sentiment analysis of tourists that can be of great use to tourism destination 
managers and tourism boards to enrich their understanding of overall satisfaction levels 
within the destination. For instance, if the majority of happy faces emerge in a specific 
place, then positive sentiment would emerge. Conversely, more negative sentiments 
would emerge if a particular place is characterised by over-tourism, crowdedness, 
degradation, etc. Thus, our approach to image analytics allows extracting virtual insights 
into tourists’ experiences and preferences regarding specific destinations and locations.
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Table 3: Research Outputs and Managerial Implications sum-up (Source: Authors)

Research outputs Practical implications

 Understanding the sentiment embedded
 in the pictures from tourists’ faces can
provide new insights into tourists’ emo-
.tional state when at the destination

 Managers can understand what works
 well in terms of the services provided at
 a tourism destination and the relevant
promotional and communication activ-
.ities

 Pictures provide insights of tourists’ state
in a certain place within the tourism des-
tination, which can replace or be associat-
.ed with traditional self-reports tools

 Managers now have a powerful way to
 gain insights and communicate simply
 and accurately the outputs of tourists’
 sentiments at the different stages of the
.tourist experience

Highly accurate matching between de-
picted facial expressions and the corre-
sponding machine’s capability to rec-
 ognise the underlying emotions, via
 automatically analysing user-generated
 photos, allows managers to achieve an
 accurate account of preferences, attitudes,
and opinions while minimising field re-
.search and method biases

Managers can achieve an accurate ac-
 count of preferences, attitudes, and
 opinions while at the same minimising
.field research and method biases

 Managing a large volume of data and
achieving insights from the analysis of vi-
sual data may create competitive advan-
.tages for tourism organisations

 Tourism managers and their respective
tourism organisations can greatly ben-
 efit from advanced computing abilities,
 thus increasing the effectiveness of their
.decision-making processes

4.1. Limitation and future works

Although static and posed pictures do not fully identify with the nonconscious emotional 
response, this paper indicates the potential of detecting emotions through photographs 
and machine learning techniques (Large Language Models (LLMs). Another limitation 
is that this study only focused on two extreme emotions via happy and unhappy facial 
expressions. The algorithm developed and applied in this context can be easily used in 
different ones. Indeed, our work does not provide an evaluation of the specific tourism 
destinations based on facial recognition. Thus, we used a small sample to exemplify 
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what could be done. Accordingly, future studies might include much larger samples, 
and extract further information about tourists’ evaluation of destinations, and collect 
images from other social media, and/or from available CCTV cameras. Using real-time 
data from CCTV would especially overcome the limitation of having only happy faces as 
a consequence of posting only specific pictures.

Future research could also examine various facial expressions pertaining to a number 
of different emotions, thus testing the broader applicability of the proposed classifier 
machine, and evaluate whether similar results would be rendered. Likewise, new studies 
might aim to understand tourism managers’ preparedness to gather and analyse data 
on consumers and tourists adopting machine learning techniques (as we did in this 
research).  

A further limitation relates to the use of static images for facial recognition. Thus, an 
extension of the proposed methodology by using as the input set of data videos or 
not posed pictures taken in different occasions, activities, and visitation contexts may 
allow the development of more sophisticated systems able to recognise facial micro-
expressions and more nonconscious emotional responses to the tourism stimuli, 
contributing to the relevant growing body of literature. Emerging results would be 
further beneficial for routine automatic evaluation of tourists’ emotions, resulting in 
delineating tourists’ behaviour and supporting the tourism management research and 
practice at large.
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المستخلص: 

الهدف من هذه الورقة هو توضيح مدى إمكانية استخراج بيانات محتوى الصورة تلقائياً من حيث المشاعر 
المضمنة في الإنسان مثل عدم السعادة وما إذا كان من الممكن اكتشاف مشاعر السائحين وإعادة إنشائها 

.)LLMs( ونماذج اللغة الكبيرة )AI( تحليلياً من خلال الذكاء الاصطناعي

المنهجية. قمنا ببناء وتدريب آلة تصنيف لتحليل صور السياح الحقيقيين تلقائياً في خمس وجهات دولية. 
ثم قمنا بمقارنتها بعينة من السائحين تم إنشاؤها بواسطة الذكاء الاصطناعي والماجستير في إدارة الأعمال.

النتائج. تعمل هذه الدراسة على توسيع معرفتنا وممارستنا لتحديد مشاعر السائحين من خلال استخدام 
أساليب جديدة تتضمن الذكاء الاصطناعي. توضح هذه الدراسة مزايا الجمع بين تحليل الوجه لردود الفعل 
 LLMs العاطفية للأفراد، من خلال تقديم بديل للتقارير الذاتية. كما يقدم عملنا دليلاً إضافياً على مدى كفاية

في ربط المعلومات بالبيانات النصية المقدمة )المطالبات(.

أصالة. على حد علمنا، هذه هي الدراسة التجريبية الأولى التي تحاول الكشف التحليلي عن مشاعر السائحين 
وإعادة إنشائها من خلال الذكاء الاصطناعي )AI( ونماذج اللغة الكبيرة )LLMs( من خلال استخدام البيانات 

الاصطناعية القائمة على عينة سيليكون من السائحين. 

الآثار العملية. يوضح عملنا كيفية تقييم الحالة النفسية للمستهلكين أو ردود أفعالهم العاطفية تجاه وجهة 
معينة باستخدام أدوات جديدة لا تعتمد بشكل كامل على التقارير الذاتية للسائحين. بدلًا من ذلك، نناقش 
في عملنا نهجًا جديدًا محتملً لالتقاط المشاعر الحقيقية وكيف يمكن قياسها، مما يسمح باستخلاص رؤى 

افتراضية حول تجارب السائحين وتفضيلاتهم تجاه وجهات ومواقع محددة.

الكلمات الرئيسية.

 السلوك السياحي التحليلات العاطفية. البيانات الاصطناعية؛ عينة السيليكون. ماجستير في القانون؛ الذكاء 
الاصطناعي التوليدي )GenAI(، التعلم الآلي
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