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 الملخص:

تهدف هذه الدراسة بشكل رئيس إلى فحص حركة السياح والتفاعل الأهداف: 

 . الرقمي ضمن بيئات السياحة الذكية

بقت التحليلات السلوكية القائمة على إنترنت الأشياء لدراسة سلوك المنهجية: 
ُ
ط

السياح في التفاعل مع الوسائط الرقمية والتنقل في الأماكن المادية. ومن خلال 

تحليل الشبكات الاجتماعية، حددنا الجهات الفاعلة الأكثر تأثيرًا في الشبكات 

 .فاعلالسياحية، وكشفنا عن أهم محاور الت

أظهر اختبار فرضياتنا وجود علاقة قوية بين التنقل والتفاعل، مما يشير النتائج: 

إلى أن أنماط التنقل ترتبط بالتفاعلات الرقمية. علاوة على ذلك، تؤكد هذه 

الدراسة الفرق الإحصائي المهم بين المجموعات ذات التنقل العالي والمنخفض من 

سهم هذه النتائج ف
ُ
ي تعزيز الأدبيات حول السياحة حيث المشاركة عبر الإنترنت. ت

الذكية من خلال توفير رؤى قائمة على البيانات لمنظمات إدارة الوجهات وصانعي 

 .السياسات

يقدم هذا البحث نتائج مهمة لمنظمات إدارة الوجهات ومسوقي  الخلاصة:

شرك 
ُ
السياحة. تشير نتائج البحث إلى أهمية المؤثرين في القيام بأنشطة تسويقية ت

المسافرين ذوي التواصل العالي لزيادة ظهور الوجهة السياحية. بالنسبة لصانعي 

ط الدراسة الضوء على أهمية استثمارات ا
ّ
سل

ُ
لبنية التحتية التي السياسات، ت

 . تدعم التجارب الرقمية السلسة

 . السياحة؛ التفاعل مع التنقل؛ إنترنت الأشياء؛ التعلم الآلي الكلمات المفتاحية:

Abstract: 

Objectives: In this study, the major goals are to examines 

tourist mobility and digital interaction within smart tourism 

environments. 

Methods: IoT-based behavioral analytics are applied to 

examine the behavior of tourists in interacting with digital 

media and navigating physical spaces. Through social 

network analysis, we investigate the most influential actors 

in tourist networks, uncovering the most important nodes of 

engagement.  

Results: Our hypothesis testing sets a strong relationship 

between mobility and interaction, indicating greater mobility 

patterns being associated with increased online engagement. 

Moreover, this study confirms the statistically significant 

difference between high mobility and low mobility groups in 

terms of internet participation. These findings contribute 

value to the growing literature on smart tourism by 

providing data-driven insights to destination management 

organizations (DMOs) and policymakers. 

Conclusions: The findings have significant implications for 

DMOs and tourism marketers. The identification of 

influencers suggests potential for targeted marketing 

activities that engage highly connected travelers to increase 

destination visibility. For policymakers, the study highlights 

the importance of infrastructure investments that support 

seamless digital experiences. 

Keywords: Tourist; Mobility Engagement; Internet of Things; 

Machine Learning. 
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1 Introduction 

Tourism is known as a driver of economic and cultural exchange that affects both international and domestic 

markets through visitor expenditure, infrastructural development, and job creation. With the advent of digital 

technologies, tourists can inform themselves and be influenced through online interaction, varying from trip 

planning and social media use to location-based services (Volo & Irimiás, 2022). Knowledge of the interaction 

between tourist mobility and digital engagement is a source of great insight into how tourists engage with 

destinations and react to local digital impulses. This is not only important for destination management, but also 

for marketing and policymaking. The pace of the development of the Internet of Things (IoT) enabled the 

gathering of large-scale data on tourist mobility and digital engagement. By using IoT-driven analytics, scholars 

and practitioners are able to decipher mobility patterns and engagement, revealing more profound insights into 

tourist decision-making on the spot (Park et al., 2023). This research investigates the dynamics of tourist 

movements. Moreover, it covers the digital activities to fill the gap between offline mobility and online 

interactions during the holidays.  

The mobility of tourists is the spatial and temporal movement of travelers between chosen destinations. 

Trip frequency, duration of the trip, routes traveled, and density of visits all fall under tourist mobility. 

Interaction of tourists with online content including social media activity, location check-ins, sharing of and 

reacting on reviews, and use of travel apps is referred to as digital engagement (Chen et al., 2022). Engagement, 

especially in digital contexts, is a complex construct and often inconsistent in its definition across disciplin es  

(Yardley et al., 2016). The concept has been widely studied in various fields such as marketing (Drummond et 

al., 2020), education (Hietajärvi et al., 2022), and digital games (Bouvier et al., 2014). Despite this, there is no 

unified definition (Rodgers & Thorson 2018). This study utilized the definition provided by Attfield et al. (2011) 

since it encapsulates the many forms of engagement: emotional, cognitive, and behavioral. To illustrate, 

engagement has been studied from two major perspectives: one emphasizes usability and user experience, 

while the other focuses on cognitive, emotional, and behavioral alignment with intervention outcomes (O’Brien 

& Toms, 2008; Morrison et al., 2012). We believe that this definition is comprehensive, hence, this study adopted 

Attfield et al. (2011) definition.  

 Indeed, several studies have confirmed that digital engagement has impacted many aspects of travelers' 

experiences by changing their behaviors, attitudes, emotional states, perceptions, and interpretations (or 

reinterpretations) of travel places and activities (e.g., Dickinson et al., 2014; Wang, Xiang, & Vesenmayer, 2016; 

Yu et al., 2018; Wang, Park, & Vesenmayer, 2012; Javed et al., 2020; Ali, 2025). Beyond this, research has shown 

that social media feedback has a significant impact on travel planning and decision-making by tourists (Kim et 

al., 2013; Chong et al., 2018; Cerutti & Piva, 2016). Thus, the combination of tourist mobility and digital 

engagement help us understand the influence of mobility patterns on tourist online activities and vice versa. 

This study is based on the theory of the Technology Acceptance Model (TAM), an information system theory 

developed by Davis (1986). The theory explains that people’s response to technology can be explained by perceived 

ease of use (PEOU) and perceived usefulness (PU). PEOU refers to the extent to which the use of technology is 

straightforward and effortless, while the PU is the belief of the enhancement in performance that technology will 

provide to the users. In tourist mobility, the need for exploration by tourism drives the mobility patterns of tourists and 

affects their perceptions of digital tools, Digital Engagement (DE) and Actual System Use (ASU). Empirically, few 

studies examined the relationship between mobility patterns and digital engagement, see Vu et al., (2018); Lim et al., 

(2019) They just use social media activity of the tourists for engagement. This study offers more insight into 

examining this relationship from the lens of TAM theory.  

The growing digitization of tourism has made it necessary to evaluate the behavioral dimensions of tourists 

in physical/virtual environments. A vast range of data from mobile phones, Global Positioning System (GPS) 

tracking, and social media analytics determine patterns of engagement at varying levels of mobility (Lee et al., 

2023). For example, more mobile tourists could show differences in engagement behaviors compared to less 

mobile tourists. This affects their propensity to post reviews, create content or engage with destination media 

(Dutta et al., 2024). By studying such interactions, researchers can give informed recommendations for tourism 

businesses and policymakers about enhancing service delivery and marketing strategies. 

2 Literature Review 

IoT has come a long way from its conceptual beginnings towards the end of the 20th century. The term was 

popularized by Kevin Ashton in 1999 during his time at MIT's Auto-ID Center, as he imagined an interconnected 

system of devices using Radio Frequency Identification (RFID) technology for exchange of data. Therefore, the 
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basic idea of Machine-to-Machine (M2M) communication dates back to the 1990s, when early sensor networks 

and embedded systems were developed for industrial applications (Magurano, 2018). The rapid advancement 

of wireless communication, cloud computing, and artificial intelligence has since benefited the widespread 

adoption across industries, enabling smart cities, healthcare innovations, and real-time data analytics (Ficili et 

al., 2025). 

Car et al. (2019) state that the integration of the IoT in tourism has revolutionized the way destinations, 

businesses, and tourists interact with digital infrastructure. IoT-supported tools such as GPS trackers, smart 

sensors, and mobile applications provide real-time data on tourist behavior, preferences, and mobility 

patterns. A study by Lukita et al. (2023) highlights the manner in which IoT facilitates smart tourism through 

the improvement of destination management, visitor experience, and resource allocation optimization.  

According to Vu et al. (2018), the analysis of tourist mobility traditionally has relied on GPS data, social media 

check-ins and transport records. Mobility theories such as Time-Geography and Activity-Based Models analyze 

movement constraints and help in decision-making (Miller, 2021). Studies that used IoT data have enhanced 

these models by introducing real-time tracking and predictive analytics such as Elhanashi et al. (2013) and 

Mohammadi et al., (2018). However, the integration of large (secondary) data sets still poses challenges with 

regard to accurate definitions, measuring potential explanatory variables (like age, prior knowledge or tourism 

experience), tourist privacy and data security. 

Tourist interaction with online platforms including travel review sites, social media, and mobile apps 

provides useful insights into preferences. Research by Sánchez-Franco and Rey-Tienda (2024) shows that 

engagement metrics (frequency of interactions, sentiment analysis) can predict tourist behavior. The 

significance of sentiment analysis using Artificial Intelligence (AI) in understanding tourist behavior has been 

extensively debated (Shafiezad & Mostofi, 2024). Nonetheless, gaps remain in bridging engagement measures 

with on-the-ground mobility patterns to understand behavior comprehensively.  

Social Network Analysis (SNA) has been widely used in tourism studies to investigate connections 

between tourist destinations and online engagements. Research investigated how online engagements influence 

travel choices and how influential tourists influence behavior of others (Pop et al., 2022). 

Merging SNA with mobility data generated through IoT offers a new way of modeling the dynamics of 

physical movement and digital engagement, with methodological issues in data unification still present. 

Developments in machine learning, big data, and AI have facilitated more accurate modeling of tourist behavior. 

Applications of Markov Chain Models, Bayesian Networks, and Deep Learning have made predictions of 

mobility more accurate (Zhang & Dai, 2018). However, the requirement for transparent methodologies and 

explainable AI remains crucial for practical implementation. Although IoT-based tourist behavior analysis has 

picked up momentum, there are still research gaps. First and foremost, the integration of heterogeneous data 

sources (e.g., IoT, social media, transactional data) is challenging because of interoperability problems. This 

research will try to fill this gap.   

3 Data and Methodology 

3.1 Data and Preliminary Analysis 

Large-scale datasets including GPS mobility traces, Wireless Fidelity (Wi-Fi) session logs, smart card 

transactions, mobile app usage and social media interactions were fetched to develop a complete picture of 

tourist behavior. We collected data from 200 tourists from anonymized, publicly available datasets that capture 

aggregate or pseudonymized tourist behavior. The term "tourists" refers to users whose data patterns suggest 

strong non-resident activities, such as: 

• Temporarily clustered GPS mobility near major attractions. 

• High activity density over short periods (e.g., 3–14 days). 

• Use of transportation, Wi-Fi, and mobile app services typical of visitors. 

Since we utilized open datasets with global coverage, our approach was cross-city rather than single-location. 

We focused on high-traffic tourist cities where the data sources offered sufficient volume and richness. All 

datasets capture on-site digital behavior, such as movement traces, Wi-Fi use, app interactions, and transit logs. 

Pre-travel behaviors (e.g., booking, itinerary planning, search queries) were not included, as our analysis was 

based solely on location-linked data. The data were collected from March 1 to March 7, 2024, covering a full 

week including weekdays and the weekend. This allowed us to observe variations in tourist behavior across 

different days. However, no major local or national holidays fell within this timeframe in the selected ci ties, so 

holiday-related behavior shifts were not part of the dataset. We selected a 1-week period to ensure focused 
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analysis across multiple data types and locations, while still capturing normal variation between weekdays and 

weekend.  

To analyze the impact of IoT-based platforms on tourist engagement, TAM has been employed. TAM offers 

an organized framework to explain how tourists perceive and adopt digital tourism services (Singh & 

Srivastava, 2019). We analyzed four major behavioral concepts i.e., PEOU, PU, DE, and ASU. The PEOU 

measures how visitors find IoT applications easy and intuitive to use, and the PU measures the perceived benefit 

of such technology in enhancing travel. DE captures the intensity of contact among tourists and digital travel 

platforms, and ASU captures the frequency of real system use (Ling, 2017). PEOU and PU of each tourist were 

scored on a 1–10 scale, which were subjective usability and usefulness measures. DE was quantified as the 

number of interactions with travel-related applications, and ASU was quantified by the number of interactions 

with IoT-based services (Chen & Tsai, 2019).  

GPS mobility data were collected from OpenStreetMap (Rifat et al., 2011) and Geotab (Morales et al., 2021). 

GPS mobility records consisted of latitude, longitude, and timestamp traces of tourist activity at different inner-

city locations. Wi-Fi connection logs such as session lengths and device types were collected from Cisco Meraki's 

public hotspot data (Paul et al., 2024). Mobile app usage information was collected from aggregated reports 

delivered by Google Play Console insights (Viennot et al., 2014), recording user interactions with travel apps. 

Smart card transaction information reporting fare prices and use of transport was pulled from Uber Movement 

(Tonin, 2015) and TransitFeeds (Nunes, 2022). Social media engagement information, such as geotagged tweets, 

likes, and comments, was also taken from publicly available Twitter, Instagram, and Facebook's CrowdTangle 

datasets (De Cristofaro, 2023). 

The collected datasets were first screened for missing values and inconsistencies (De Cristofaro, 2023). GPS-

coordinates with unfeasible values or without timestamps were removed, and duplicate location records were 

discarded. Wi-Fi session records with anomalous lengths, such as connections shorter than five seconds or longer 

than 24 hours were removed. In the mobile app usage data, bot-generated or system-logged event interactions 

were discarded. Smart card transaction information was validated for anomalies, and outliers in fare spending 

greater than three standard deviations from the mean were identified and adjusted. For social media activity 

information, duplicate posts and interactions by spammers were eliminated. 

After cleaning the data, normalization was performed (Abbas-Aghababazadeh et al., 2018). Timestamp 

values were all converted to a standard UTC format to synchronize records from all datasets. Location 

information was converted into a standard geospatial reference system to support precise comparisons. 

Continuous variables like session duration, transaction charges, and interaction length were Min-Max 

normalized in order to ensure comparability between measurements in alternative sets (Ortiz et al., 2024). 

Categorical variables such as modes of transport and forms of engagement were coded. 

The standardized and cleaned datasets were then merged into a single structure such that the mobility, 

engagement, and behavioral interactions of each tourist in the different datasets were connected. The resulting 

dataset presents an integrated perspective of tourist movement behavior, digital engagement, and transport 

use. All data preprocessing and integration were carried out in Python with the assistance of libraries such as 

Pandas for data manipulation (Gupta & Bagchi, 2024a). NumPy was used for numerical transformations (Gupta 

& Bagchi, 2024b), and Geopandas was used for geospatial processing (Toms et al., 2018). 

3.2 Methodology  

Dataset was preprocessed with Python's Pandas library to keep the data structured, and statistical computations 

were performed with Scipy and Seaborn for visualization purposes. To carry out correlation analysis, we 

obtained Pearson's correlation coefficient (r) to explore the relationships among PEOU, PU, DE, and ASU (Al 

Kurdi et al., 2020). Regression analysis was performed using SciPy's linregress() function that estimates the 

strength and significance of linear correlation between moderating variables PEOU, PU, ASU and DE as the 

dependent variable (Massaron & Boschetti, 2016).  

In addition, machine learning analysis techniques such as Geographic Information System (GIS) based 

movement clustering, hypothesis testing and social network analysis were utilized to examine mobility patterns 

and digital interactions. The relationships of the variables are given in the conceptual model for this research as 

shown in  
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Figure 1: Conceptual Model Research 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Conceptual Model Research 

From the conceptual framework, the following hypotheses can be derived: 

• There is a positive relationship between TM on one side and DE on the other side. 

• PEOU, PU and ASU influence the relationship between TM and DE in a positive way. 

The dataset of geospatial movement and online interaction histories of tourists was analyzed to measure 

individual mobility and engagement levels. The data set was standardized by renaming all column names to 

lowercase and by proper formatting. Mobility was measured in terms of the total distance traveled by each 

tourist, calculated by using the geodesic distance between consecutive observed points (Weber & Péclat, 2017). 

Each visitor's path of movement was reconstructed and summed as a cumulative travel distance measure for 

each. Digital engagement was also calculated by the number of observed interactions per visitor in the dataset, 

such as interactions across different online platforms, representing levels of engagement. 

Correlation analysis was used to test the relationship between tourist mobility and digital engagement 

(Duncan & Earhart, 2011).  Highly mobile tourists should have greater levels of DE. A two-sample t-test was 

conducted to compare high-mobility and low-mobility tourist engagement levels. In order to analyze digital 

engagement behaviors of tourists better, we applied SNA to tourist mobility and engagement data. The data, 

collected from an IoT-based tracking system, contained geospatial and temporal records of movement by 

tourists. Interactions were identified based on spatiotemporal proximity. Two tourists were deemed to have 

interacted, if their timestamps were within a difference of 24 hours (time threshold) and if they were within 50 

km (distance threshold), which calculated based on the Haversine formula to obtain precise geospatial distance 

estimates (Muttaqin et al., 2024).  

4 Results 

Conceptual model 

 

Dependent variable 

 

Digital Engagement (DE) 

 
 

Independent variable 

 

Tourist Mobility (TM) 

  

Moderating variables: 
 

Perceived Ease Of Use (PEOU) 

Perceived Usefulness (PU) 

Actual System Use (ASU) 
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4.1 Preliminary Results 

As stated before, the data preprocessing produced an integrated dataset showing tourist mobility and 

engagement behaviors across multiple dimensions. The output dataset contained structured records with 

sanitized and aligned timestamps to analyze tourist movement accurately over time. GPS-data preserved 

geospatial truth after the elimination of anomalies, while Wi-Fi connection logs provided high-resolution 

information about tourist dwell time at tourist areas. Mobile app usage statistics were structured to reflect actual 

interactions, so only human-generated activities were considered. The smart card transaction records kept 

genuine transport usage patterns, and social media interaction logs actually reflected user behavior after 

eliminating artificial activity. 

Descriptive statistics also captured high variations in tourist mobility between different locations. GPS 

tracking points distribution showed cluster movement in tourist urban areas, and transport data showed 

preferred modes of travel. As expected, Wi-Fi connection patterns showed peak usage in hospitality and 

commercial zones. Mobile app logs validated high dependency on navigation and booking websites, validating 

the use of digital resources in trip planning. Social media interaction patterns revealed varying degrees of 

engagement across different tourist locations, with more activity observed in visually salient regions. The 

successful integration of these disparate datasets provided a firm foundation for advanced analysis, including 

profiling clustering of tourists, predicting movement patterns, and measuring online engagement trends.  

4.2 Technology Acceptance Model (TAM) Analysis 

The correlation analysis confirmed the existence of the hypothetical positive relationship between PU and DE 

(correlation coefficient of r = 0.064 and a statistically significant p-value of 0.013). This implies that tourists who 

perceive IoT applications as useful, employ digital platforms more frequently. PEOU had a less significant 

correlation (r = 0.051, p = 0.476), which suggests that ease of use is not the central driver of engagement. ASU had 

a weak correlation (r = 0.010, p = 0.009), and it implies that frequency of use does not always lead to engagement. 

The regression analysis also supports these findings, with the slope of the regression line between PU and DE 

being sharper than the one for PEOU and DE, reinforcing the more significant role played by perceived 

usefulness in tourist engagement.  

Table 1: Correlation Analysis Between 3 Moderating Variables and Digital Engagement 

Variable Correlation with Digital Engagement (r) P-Value 

Perceived Ease of Use (PEOU) 0.051 0.476 

Perceived Usefulness (PU) 0.064 0.013 

Actual System Use (ASU) 0.010 0.009 

The findings emphasize that although ease of use is a factor in engagement, perceived ease of using digital 

services is the key driver for tourists engaging with IoT-based platforms.  

 

 

 

 

 

 

 

 

 

Figure 2: Correlation Matrix, Scatter Plot of PEOU vs. DE and box plot of DE by PU levels. 

4.3 Social Network Analysis (SNA) 

The network graph was able to identify the most intense tourist engagement patterns. The top five influencers, 

based on degree centrality are mentioned in Table 2. We use the term “influencers” in the context of network 

centrality, not in the social media or behavioral psychology sense. These tourists were identified through Degree 
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Centrality in the interaction graph, meaning they had the highest number of spatiotemporal encounters with 

other tourists. In network theory, a node with high degree centrality is typically considered structurally 

influential, as it connects with many others and plays a key role in network connectivity and information flow. 

These tourists had the highest number of interactions, indicating their important contribution to digital and 

physical interaction in the destination. The network structure had clearly defined clusters, which were an 

indication of localized patterns of engagement among tourists. Community detection analysis revealed well-

defined subgroups, which were most likely a reflection of similar itineraries or common destinations of interest. 

Table 2: Tourist with highest connectivity in social network 

Tourist ID Degree Centrality 

4170 0.0058 

3444 0.0043 

2312 0.0043 

1364 0.0043 

2687 0.0043 

The graph visualization supports the fact that tourist interactions were not evenly distributed but focused in a 

few highly active nodes  

 

 

 

 

 

 

Figure 3: The tourist engagement network graph revealing key tourist engagement patterns.  The findings highlight 

influential tourists as key drivers of engagement and imply potential uses in targeted marketing, customized 

tourism experiences, and crowd management planning.  

 

 

 

 

 

 

 

 

 

 

Figure 3: The tourist engagement network graph revealing key tourist engagement patterns. 

4.4 Hypothesis Testing 

The results from the statistical analysis reveal a strong positive correlation between tourist mobility and digital 

engagement. A summary of key findings is presented in Table 3: Hypotheses Testing Results   

Table 3: Hypotheses Testing Results 

Statistical Test Value Interpretation 

Pearson Correlation (r) 0.8758 Strong positive correlation between mobility and engagement 

P-value (Correlation) 0.0000  Statistically significant (p < 0.05) 

T-test (t-value) 68.8592 Significant difference in engagement between high and 

low mobility tourists 

P-value (T-test) 0.0000  Statistically significant (p < 0.05) 
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These findings indicate that tourists with higher mobility levels are more likely to be actively engaged in digital 

platforms. The statistical significance (p < 0.05) confirms that this relationship is not due to random chance. Figure 

4 demonstrates the correlation found and graphically discriminates patterns of engagement in high-mobility and 

low-mobility tourists. Significant t-test outputs also validate further that more mobility among tourists also 

yields higher engagement levels. Results give empirical endorsement to the research hypothesis that more 

mobility is highly tied to digital engagement with the provision of information on tourists' interaction modes 

with online entities in relation to their mobility styles. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4: Correlation and patterns of engagement for high-mobility and low-mobility tourists. 

 

 

5 Discussion 

The application of IoT in tourism analytics has revolutionized the comprehension of tourist mobility and digital 

engagement. By utilizing actual-time data compilations and computational methods, the current research offers 

a more profound insight into how tourists interact with online platforms and travel between destinations on a 

local scale in inner city environments. The results are informative data concerning regularities in behavior. The 

most influential tourists at the forefront were those tourists who had the highest degree centrality, indicating 

they are likely to spread travel news and interact with online material. This finding is compatible with studies 

that emphasize the role of online word-of-mouth in travel decisions (Pennisi, 2019).  

However, the relatively low centrality scores indicate that while there are certain tourists with a higher 

probability of interacting, the network is rather decentralized as a whole. This result makes one think that 

tourism engagement is spread among many actors rather than being dominated by a few, which contradicts 

findings from more established digital marketing studies where influencers have significantly higher centrality 

(Malinen & Koivula, 2020). A possible reason is that tourist encounters are more fluid and dynamic, restraining 

the creation of fixed influencer chains. 

We found a high positive correlation between mobility behavior and digital activity. This supports the 

hypothesis that increased movement across destinations is associated with heightened digital activity. This 

result is consistent with previous studies. (Lim et al., 2019). However, the causality remains uncertain. Does 

mobility of tourists drive engagement, or do digitally engaged tourists tend to explore more locations? Future 

research should explore this potential bi-directional relationship through longitudinal data tracking. The results 

further show a highly significant difference in engagement levels between high-mobility and low-mobility 

tourists. This aligns with existing frameworks that suggest that mobile tourists rely more on real-time digital 

support to navigate unfamiliar destinations (Emmanouilidi et al., 2013). However, an alternative interpretation 

could be that digitally engaged tourists are inherently more adventurous, leading to an incidental correlation 

rather than a direct causal link. Additional studies incorporating experimental interventions could clarify this 

assumption. 

The analysis of the use of social networks by tourist also identifies essential nodes in the engagement 

network, offering practical insight for stakeholders in tourism. This research gives strong indications that 

destination management companies can leverage mobility data to forecast and drive engagement patterns 
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successfully. Combining these insights, policymakers can create focused marketing efforts and infrastructure 

development that responds to the changing needs of technologically engaged tourists. 

6 Conclusion 

This study deepens the insight into the relationship between TM tourist mobility and DE behavior using IoT- 

driven analytical methods. Our findings prove that DE is tightly linked to tourist mobility patterns, marking 

mobile tourists as significant influencers in the online world. The research confirmed also the existence of the 

hypothetical positive relationship between perceived usefulness and digital engagement. This implies that 

tourists who perceive IoT applications as useful employ digital platforms more frequently. The PEOU was 

weakly linked to digital engagement. This suggests that ease of use is not the central driver of engagement of 

tourists. We also found a weak correlation for actual system use and this means that the frequency of use does 

not always lead to digital engagement. An executed regression analysis supports these findings. The findings 

emphasize that although ease of use is a factor in engagement, perceived ease of using digital services is the key 

driver for tourists engaging with IoT-based platforms. 

Because of the computations to define the tourist, some limitations have to be mentioned. First of all, the 

data used to define what a tourist is are neither actively provided nor confirmed by the individual to whom the 

data belong. The data might also apply to other categories of people in the same environment, like small 

business owners with a fixed or mobile shop who focus on tourists as customers. Another important aspect that 

is missing because of the used methodology is knowledge about digital engagement before the travel took place. 

With sufficient information about the tourism destination, tourists may not need (much more) additional 

information on the actual spot. There might also be a difference between tourists in digital skills and use in 

general, based on age, availability of network and general use of digital services in the home country, or price 

of mobile phones and internet access.  

Another limitation is that the analysis is based on observational data, which means that causal inference is 

restricted. Experimental methodologies should be included in future studies to test interventions that potentially 

affect mobility and engagement patterns. The study mainly deals with digital engagement measures without 

examining qualitative dimensions of tourist experiences, like satisfaction or emotional response. Additionally, 

the strong correlation between mobility and digital engagement underscores the importance of enhancing 

digital touch points such as geo location services, augmented reality navigation, and personalized content 

delivery.  

The results of this study may benefit a number of beneficiaries, such as policy makers, entrepreneurs, and 

researchers. For policy makers, the research underscores the need for investments in infrastructure that enables 

frictionless digital experiences. Since mobile tourists are found to have high involvement, having strong internet 

connectivity, incorporating IoT sensors for real-time travel information, and creating data-driven decision 

support systems could prove highly effective at boosting visitor satisfaction and economic yield. Real-time 

intervention approaches need to be researched in the future to better optimize tourist experiences and economic 

impacts. Future research may also involve sentiment analysis and qualitative surveys to better comprehend the 

behavior of tourists. Further research in this field might consider testing predictive models in various tourism 

settings. Also, pre-travel activities might also consider in examining this relationship. In conclusion, our 

research presents a sound and scientific model for interpreting the relationship between tourist mobility and 

online engagement, building upon the literature of smart tourism analytics. With the bridging of the existing gap 

between applications of IoT and insights into tourist behavior, more data-driven and individualized forms of 

tourism become a reality for the digital world. 
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