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Abstract: Due to the irruption of new technologies in cities such as mobile applications, geographic information 
systems, Internet of Things (IoT), Big Data, or AI (Artificial Intelligence), new approaches to citizen 
management are being developed with the aim of adapting citizen services to this new environment. These 
new services can enable city governments and businesses to offer their citizens a truly immersive experience 
that facilitates their day-to-day lives and ultimately improves their standard of living. In this arena, it is 
important to emphasize that all investments in infrastructure and technological developments in smart cities 
will be wasted if the citizens for whom they have been created eventually do not use them for whatever reason. 
To avoid these kinds of problems, the citizen's level of adaptation to the technologies should be evaluated. 
However, although much has been studied about new technological developments, studies to validate the 
actual impact and user acceptance of these technological models are much more limited. This work endeavors 
to address this deficiency presenting a new model of recommender system based in the most cited and used 
model in the scientific and academic literature: the Technology Acceptance Model (TAM) and using the most 
cited criteria in the vast literature. To achieve the goal, this research introduces an innovative recommender 
system that combines a fuzzy 2-tuple linguistic model and the analytic hierarchy process (AHP) technique. 
This approach aims to prioritize and personalize the connection between tourists and smart cities. With the 
intention to test and validate our methodology proposed in this paper we conducted a case of study proposing 
different clusters to better propose tailored recommendations. Relevant findings show that the use of 
technology is closely linked to the ability to enjoy personalized experiences in the context of Smart Tourism 
and Smart Cities. As part of their future recommendations, the authors propose extending the application of 
the recommender system model to diverse tourist clusters, leveraging disruptive technologies like artificial 
intelligence (AI) to enhance citizens' interaction with technology. 

Keywords: smart cities; TAM; decision making; fuzzy logic; smart tourism; customer journey 
 

1. Introduction 

In recent years, the world has witnessed constant and rapid changes occurring in an 
environment that has become increasingly volatile, uncertain, complex, and ambiguous. This fact, 
combined with the economic growth and the emergence of new technologies are bringing new 
opportunities to the cities and attracting more and more people from the countryside to the city [1].  

Based on projections from the United Nations, it is anticipated that around 68% of the global 
populace will reside in urban regions by the year 2050, and in this context, new technologies together 
with the fact that the needs of the inhabitants are growing, suggest a new concept of city capable of 
responding to the new environmental, economic and sustainability challenges.    

In this sense emerges the concept of Smart City, widely studied by the scientific community but 
without a clear consensus neither in its definition nor in the variables that should be measured to 
evaluate the degree of "intelligence" of a city [2].  

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.
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In general terms, Smart Cities can be known as connected cities using technology and innovation 
to enhance the well-being and living standards of their inhabitants, optimizing the use of resources, 
and promoting sustainable development. These cities use interconnected infrastructures and 
information systems to collect real-time data, make informed decisions and offer efficient services to 
their citizens [1]. 

If we delve into the existing literature on the concept of Smart City, and as [3] reports in his work, 
we can find two different lines of definition of the idea of Smart City. The first line of argument 
defended by authors such as [4], defines the idea of Smart City as an interconnected city linked to 
new technologies and the massive use of data. The second line, defended by authors such as [5] 
defines the concept of Smart City as an urban space through variables such as accessibility, human 
capital, and sustainability among others. 

These last variables, among others such the importance of new technologies, are very close with 
the definition of Smart Tourism. The concepts Smart City and Smart Tourism have been studied 
throughout the literature as different concepts and often almost as watertight concepts. However, 
both concepts have many aspects in common, based on the intensive use of data and new 
technologies, they share a very similar scope around the variables indicated above. Following the 
work [6], the separation of both concepts “makes little sense in a world where the everyday and the 
touristic increasingly overlap and smart technologies blur the lines between residential areas and 
tourism precincts.”  

Smart Tourism seeks to use technology to offer personalized, efficient, and sustainable services 
to tourists, as well as to enhance the competitiveness of tourist destinations. This involves the use of 
different technologies such as mobile applications, geographic information systems, artificial 
intelligence (AI), internet of things (IoT) and virtual reality, among others. The most important goals 
of Smart Tourism focus on improving the tourist experience and optimizing the management of 
tourist destinations [7]. 

Smart destinations involve technologies used to improve the planning and management of 
tourist destinations, providing real-time information on traffic conditions, accommodation 
availability, local events, personalized recommendations, etc. [8]. On the other hand, tourist 
experience includes among others, mobile applications to provide personalized information and 
services during the trip, such as interactive guides, translators, restaurant recommendations, activity 
reservations, to better enjoy their customer journey [9]. 

In other words, Smart Tourism aims to improve the tourist experience, make destinations more 
accessible and sustainable, and enhance the competitiveness of tourist destinations through 
technological innovation. In this vein, the question to be considered: is it enough to use technology 
to talk about Smart City? And what is more important, is it the same to deploy disruptive 
technologies in a city and have the citizens themselves adopt them efficiently? Most of the published 
studies address and examine Smart Cities or Smart Tourism technologies but very few do so on the 
degree of acceptance of its citizens or tourists [10]. In this study [11] the following is formulated 
“Citizens are often considered as users, testers, or consumers rather than producers and sources of 
creativity and innovation”. We quickly realize that to address smart tourism in an optimal way, we 
must include the concept of Technology Acceptance Model (TAM) in the strategy.  

TAM concept was first introduced by Davis F.D. [12] in 1989 and today is one of the most cited 
models affecting the adoption and use of technology with more than 78.000 citations according to 
Google Scholar data, Figure 1. The objective of the TAM is to define and comprehend the user's 
acceptance of a technological system by considering its cognitive, emotional, and behavioral 
components [13]. 
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Figure 1. Technology Acceptance Model [12]. 

Despite the increasing interest in applying the TAM, there is still a notable absence of systematic 
applications of the model in the fields of tourism and hospitality. For this reason, this paper will 
consider, the most significant factors or benchmarks to consider for defining the TAM applied to 
tourism, and the multi-criteria decisions to adapt the technologies to each kind of tourists (segments 
of tourists) to enhance the tourist experience. To achieve these objectives, the utilization of 
mathematical models based on AHP, and fuzzy logic will be employed. 

Numerous academic works and an abundance of literature exist concerning Smart Tourism and 
Smart Cities on one hand, and the TAM on the other. However, a noticeable void remains in the 
integration of these two concepts, with scarce studies exploring potential connections between TAM 
and the enhancement of the tourist journey process. Furthermore, a comprehensive analysis of these 
studies reveals that most of them solely adopt a qualitative approach, leaving an opportunity for 
future research to employ quantitative methodologies and mathematical models for a more 
comprehensive investigation. 

The novel model presented in this paper offers several key contributions that deserve attention: 
• Proposing a novel methodology that combines the AHP method and the fuzzy 2-tuple linguistic 

model to enhance decision-making processes. 
• From the decision-making methodology, a novel model is proposed to enhance the tourist 

experience by integrating insights from the previous methodologies. 
• Establish a new model of prioritization and personalization of interactions individually or 

according to the different types of clusters of tourists. 
• Present a recommendation system of Customer Journey applied to the different clusters. 
• The criteria for the new model are established through an exhaustive review of the literature, 

where the most frequently cited and relevant factors in the domain are identified and considered. 
• Provide a concrete illustration of the new model's practical implementation by presenting a real-

world scenario to validate and assess its efficacy. Furthermore, formulate a set of customized 
suggestions aimed at optimizing the decision-making process for individual tourist clusters. 

• Identify and outline the limitations inherent in our study, as well as delineate potential 
directions for further research and development. 
The rest of this article is structured in the following manner: In Section 2, we conduct an in-depth 

review of the existing literature pertaining to the fundamental concepts incorporated in our proposed 
model. Section 3 presents the detailed methodology employed in this study, outlining the procedures 
and techniques utilized. Moving forward, in Section 4, we introduce a novel model designed for 
calculating TAM (Technology Acceptance Model), building upon the groundwork laid in previous 
sections. Section 5 illustrates a practical application of the proposed model, demonstrating its 
effectiveness in a real-life scenario. Finally, in Sections 6, 7, and 8, we thoroughly discuss the obtained 
results, draw key conclusions, and address any limitations identified in our work. Additionally, we 
outline potential avenues for future research and development in this field. 
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2. Literature Review 

2.1. Recommender Systems 

A recommender system is a type of computer system designed to suggest or recommend items 
to users, such as products, services, movies, music, news, or any other type of content, based on their 
preferences, past behaviors, or user profiles. The main goal of a recommender system is to provide 
personalized and relevant recommendations, to help users discover new items that may be of interest 
to them [14]. 

The papers provide different perspectives on the definition of recommender systems. In [15] 
discusses how Linked Data can be used to provide recommendations of items from diverse domains. 
In [16] offers a comprehensive review of psychology-informed recommender systems, that 
incorporate human cognitive processes, personality and affective signals into recommendation 
models. In general, articles suggest that recommendation systems are computer tools that use 
machine learning techniques to model and predict user preferences based on behavioral data, and 
that there are ongoing efforts to improve their personalization, accuracy, and evaluation. 

Recommendation systems applied to Smart Cities are tools that use data and algorithms to 
provide personalized and relevant recommendations in the context of smart city services and 
applications. These systems focus on improving the efficiency and quality of life of citizens by 
providing suggestions and guidance based on their preferences, needs and the urban environment 
[17]. 

Upon investigating the literature related to the search variable TS = (RECOMMENDER 
SYSTEMS) we found more than eight thousand publications evaluating this concept. The prominence 
of the field of recommender systems can be underscored by the considerable number of publications 
generated by academics and practitioners in this domain. 

If we focus our search to analyze recommender systems in a smart city environment (TS = 
(RECOMMENDER SYSTEMS)) AND (TS = (SMART CITY) OR TS = (SMART CITIES)), we discovered 
only 91 articles, indicating a compelling gap worthy of exploration. 

 

Figure 2. Studies related to the recommender systems in the Smart Cities field. 

The aim is to showcase scientific publications linked to this concept. To accomplish this, we 
conducted research using the Web of Science Core Collection, employing specific criteria to select 
journal articles, covering the entire available period. 

In the subsequent section, we will thoroughly explore the concepts of Smart Cities and Smart 
Tourism. 
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2.2. Smart Cities and Smart Tourism 

As mentioned in the introduction section, the irruption of new technologies combined with the 
new challenges of civilization have impulse the growth of Smart Cities. In this context, the literature 
has extensively examined the fields of Smart Cities. 

Smart City technology has a significant impact on the tourism industry. In the following study 
[18] is explored the strategic role of technology in smart tourist destinations. In this other study [19] 
examines the relationship between smart tourism technology and overall satisfaction in three South 
Korean cities. This study [20] argues that technology innovations bring stakeholders together in 
tourism service ecosystems and transform industry structures, processes, and practices. Overall, the 
papers suggest that smart city technology can enhance tourism competitiveness and create new 
opportunities for the industry. 

When conducting research on publications and citations associated with the search variable TS 
= (SMART CITY), we discovered an extensive body of literature, consisting of over thirty thousand 
publications that delve into and study the concept of Smart Cities.  

As mentioned, Smart Tourism closely relates to the concept of Smart City. To study the 
phenomenon of Smart Tourism, we can conduct research on the publications and citations related to 
the search variable TS = (SMART TOURISM). 

Figure 3 provides a thorough summary of the research papers and references related to the 
search parameters, offering a comprehensive view of the literature in this area, TS = SMART 
TOURISM. To accomplish this objective, we performed research in the Web of Science Core 
Collection, employing specific criteria to select journal articles and considering the entire available 
period for analysis.  

 

Figure 3. Studies related to the Smart Tourism. 

If we conduct research on both interconnected concepts, Smart Cities and Smart Tourism, the 
findings reveal the following results. Figure 4 shows an overview of the existent literature associated 
with the search variables, TS = (SMART TOURISM) AND TS = (SMART CITIES). The primary 
objective is to present the scientific publications relevant to this concept. To accomplish this objective, 
we performed research in the Web of Science Core Collection, employing specific criteria to select 
journal articles and considering the entire available period for analysis. 
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Figure 4. Studies related to the Smart Cities and Smart Tourism. 

2.3. Smart Cities, Smart Tourism and Technology User Acceptance TAM 

Having reviewed the literature on the concepts of Smart Tourism and Smart Cities, our research 
leads us to evaluate the studies that connect these terms with the Technology User Acceptance.  

If we research about both concepts comminated (Smart Cities / Smart Tourism and TAM) we 
can found interesting results.  

Figure 5 provides a thorough summary of the research papers and references related to the 
search parameters, TS = (SMART TOURISM)) AND ((TS = (TECHNOLOGY ACCEPTANCE MODEL) 
OR TS = (TAM)). The main objective is to showcase the scientific publications relevant to this concept. 
To accomplish this objective, we performed research in the Web of Science Core Collection, 
employing specific criteria to select journal articles and considering the entire available period for 
analysis. 

 

Figure 5. Studies related to the Smart Tourism and TAM. 

As observed in these sections, a substantial amount of literature exists on smart cities, smart 
tourism, and Technology Acceptance Models. However, a review of the literature on the integration 
of these concepts exposes a distinct scarcity of scientific studies, as depicted in Table 1. 
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Table 1. Studies related to the Smart Cities, Smart Tourism and TAM. 

Year Title 

2018 
 

2019 

Framing a Smart Service with Living Lab Approach: A Case of Introducing Mobile Service 
within 4G for Smart Tourism in Taiwan [21]. 
The Augmented Reality in Lisbon Tourism Proposal for a AR Technology Adoption Model 
[22]. 

2020 The Role of Human-Machine Interactive Devices for Post-COVID-19 Innovative 
Sustainable Tourism in Ho Chi Minh City, Vietnam [23]. 

2022 Using UTAUT-3 to Understand the Adoption of Mobile Augmented Reality in Tourism 
(MART) [24]. 

2023 Small-Town Citizens' Technology Acceptance of Smart and Sustainable City Development 
[25]. 

Given the existing gap in the literature, a functional methodology is presented to develop a 
recommendation system for categorizing tourists based on their digital proficiency and utilization of 
mobile technologies in Smart Cities. 

2.5. Criteria for Measuring Technology User Acceptance (TAM)  

Numerous studies in the literature have identified various criteria for measuring Technology 
User Acceptance models. For our work and model proposal, we have based our approach on the 
most frequently utilized TAM criteria, which form the foundation of our research: 
• Frequency of Mobile Use (FMU): Many studies papers suggest that frequency of mobile use is 

an important factor in technology acceptance models. In this study [26] revealed that the 
perceived effectiveness and perceived convenience of mobile applications were positively 
impacted by crucial security elements. As a result, these factors had a favorable influence on 
individuals' attitudes towards usage and their intentions to engage with the applications. In this 
other study [27], the research discovered that both the perceived simplicity of usage and the 
portability aspects had a considerable impact on the perceived usefulness of mobile health 
services. In [28] revealed that the perceived level of physical risk and key factors from the 
Technology Acceptance Model (such as usefulness and ease of use) were strong indicators of 
individuals' intentions to use mobile applications for online transportation services. Finally, in 
[29] demonstrated that mobile social media usage exerted a substantial indirect influence on 
online business models. This influence was mediated by the Technology Acceptance Model, 
emphasizing its critical role in shaping the relationship between mobile social media use and the 
success of online business models. 

• Mobile App Usage (MAU): After a deep analysis of the existent literature, we can highlight that 
the impact of mobile app usage has directly influenced on the Technology Acceptance Model 
(TAM). In [30] found that mobile app usage had a positive impact on teacher performance and 
learning capabilities. In [31] was observed that the perceived ease of use and perceived 
usefulness of mobile apps positively affected hotel consumers' experiences. Additionally, the 
study highlighted that perceived usefulness, along with user experience, played a significant 
role in influencing customers' acceptance of hotel apps. The papers suggest that TAM can be 
used to investigate the impact of mobile app usage in various contexts, such as education, 
hospitality, and conferences. 

• Digital Competence (DC): Literature suggest that digital competence directly affects technology 
acceptance models. In [32], the study incorporates technology readiness into the TAM and 
identifies that the influence of technology readiness on use intention is mediated by perceptions 
of usefulness and ease of use. In other words, the impact of an individual's technology readiness 
on their intention to use a particular technology is influenced by how they perceive its usefulness 
and ease of use. In the same vein [33] extends the TAM by incorporating two types of perceived 
usefulness and reveals that perceived near-term usefulness has the most significant influence on 
the behavioral intention to use a technology. However, it's worth noting that perceived long-
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term usefulness also exerts a positive impact on the intention to use the technology, albeit to a 
lesser extent. 

• Attitude towards Technology (ATT): This criterion is an important factor in technology 
acceptance models. In [34] found that awareness and perceived risk are external variables that 
affect the technology acceptance model for mobile banking in Yemen. On another hand, in this 
study [35], the research indicated that attitude served as a significant predictor of university 
students' intention to use e-learning, drawing from the Technology Acceptance Model (TAM). 

• Perceived Usefulness (PU) and Perceived Ease of Use (PEU): These two variables have been 
deeply considered and analyzed by authors who collectively suggest that perceived usefulness 
is an important factor in the TAM. In [36] discovered that perceived usability holds crucial 
importance in the TAM and that its presence explains a greater amount of variance in the model 
compared to its absence. In [37] found that perceived ease-of-use (PEU) is strongly related to 
perceived usability, which is a component of the modified TAM (mTAM). However, in [38] 
proposed a theoretical model that suggests perceived ease of use is determined by control, 
intrinsic motivation, and emotion, and that it adjusts over time to reflect objective usability and 
perceptions of external control. This suggests that perceived usability may be more complex 
than simply incorporating it into the TAM. In this arena, many works suggest that perceived 
usefulness is a key factor in the TAM, but the relationship between perceived usability and TAM 
may require further investigation. 

• Social Media Usage (SMU): After deeply analyze of the existent literature, many papers support 
this relation. The papers suggest that the Technology Acceptance Model (TAM) can be used to 
understand social media usage behavior. In this paper [39]  found interesting results 
highlighting the relationship between TAM and social media usage. He found that individual 
adoption behavior of Facebook can be explained by perceived ease of use, critical mass, and 
social networking site capability. In the study conducted by Al-Qaysi [40], the author conducted 
a thorough systematic review, analyzing 57 research articles. The findings indicated that several 
factors significantly extended the TAM, among the most frequent factors were social media, 
perceived enjoyment, subjective norm, self-efficacy, perceived critical mass, perceived 
connectedness, perceived security, and perceived trust. These factors play pivotal roles in 
enhancing the understanding and application of the TAM in various contexts. In the same vein, 
in this other study [25] was delved into the digital gap that might exist across different 
generations and uncovered that age plays a significant role in influencing optimism, 
innovativeness, and perceived usefulness concerning the adoption of social media. Finally, in 
this study [41] constructed a comprehensive model to investigate the influence of social media 
use factors on electronic banking adoption. They observed a notable negative impact of the social 
media factor on the expected efforts, which, in turn, affected the use of electronic banking 
services. After our literature review, we can highlight that social media usage should be 
considered in technology acceptance models, as it can impact user behavior and attitudes 
towards technology adoption. 

• Previous Experience (PE):  The last criterion we have identified in our study is Previous 
Experience. We have also selected this criterion because there are many papers suggesting that 
previous experience can impact technology acceptance models. In this paper [42] a meta-analysis 
of TAM was conducted, founding that subjective norm (such as experience) has a significant 
influence on perceived usefulness and behavioral intention to use any technology. On the other 
hand, in this study [43] carried out a literature review of technology acceptance models, it was 
evident that these models play a vital role in comprehending the predictors of human behavior 
concerning the potential adoption or rejection of innovations and technologies. Finally, and in 
the same arena, in this study [44], outlined a research plan dedicated to exploring prospective 
interventions both before and after IT implementation, aiming to improve employees' 
acceptance and utilization of technology. Moreover, the study suggests that prior experiences 
could influence technology acceptance models, and leveraging this criterion can foster 
technology adoption and utilization. 
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In this section, we introduce the proposed methodology for creating a novel model, which stands 
as a significant milestone in the current literature. 

3. Methodology 

The objective of this section is to provide a comprehensive theoretical framework for the research. 
To achieve this aim, the study will incorporate the following models: the analytic hierarchy process 
(AHP) and the 2-tuple fuzzy linguistic model (LD2T), and strategies to effectively manage 
heterogeneous information in the decision-making process [45]. This integration of models will serve 
as the foundation for the proposed research, facilitating a deeper understanding and systematic 
analysis of the subject matter. 

In certain scenarios, the data necessary for decision-making originates from diverse expression 
domains. In the specific case under investigation, the expression domains to be utilized encompass 
both numerical and categorical data. Therefore, it becomes vital to tackle the problem by employing 
a fuzzy linguistic domain, which enables the unification of information management in the proposed 
model. The utilization of a fuzzy linguistic approach allows for a more flexible and comprehensive 
handling of heterogeneous data, leading to more effective and accurate decision-making outcomes 
[46]. 

3.1. 2-Tuple Model (LD2T) 

The 2-tuple linguistic model (LD2T) is a powerful tool in decision-making and information 
representation that enhances the precision of information representation. In traditional decision-
making models, information is typically represented by crisp numbers or linguistic terms, which 
often fail to capture the uncertainties and ambiguities associated with human perception and 
language. However, the LD2T addresses this limitation by considering both the linguistic term and 
its associated membership function. 

By combining linguistic terms and fuzzy sets, the LD2T provides a more accurate representation 
of information. It allows decision-makers to express their preferences and perceptions using linguistic 
terms while incorporating the inherent fuzziness and vagueness of human language. The 
membership function associated with each linguistic term captures the degree of membership or 
relevance of the term to a specific decision or context. 

This approach not only improves the accuracy of information representation but also enables 
more effective decision-making. Decision-makers can evaluate and compare alternatives based on a 
comprehensive understanding of the uncertainties and preferences involved. The LD2T has been 
successfully applied in various domains, including risk assessment, project management, and 
supplier selection, demonstrating its effectiveness in capturing complex and uncertain information. 

Overall, the LD2T offers a promising framework for decision-making, providing a more precise 
and realistic representation of information and supporting informed and robust decision-making 
processes. 

The primary objective of this model is to improve the precision of information representation by 
compressing it into linguistic values (𝑠𝑖,α𝑖), where 𝑠𝑖 ∈  𝑆 and α𝑖 ∈  [−0.5, 0.5). The 2-tuple linguistic 
representation model commonly employs a triangular function to represent the selected membership 
function. A visual depiction of the domain within s5, utilizing this triangular function, can be found 
in Figure 6 as an illustrative representation. 
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Figure 6. Triangular linguistic representation in an s5 domain. 

Definition 1. The linguistic domain in a 2-tuple linguistic model is a set denoted as S, which comprises 

linguistic terms used to represent information. In this context, the symbolic representation of a linguistic item, 

denoted as 𝑠௜, is a numerical value falling within the interval [−0.5, 0.5). This value represents the difference 

between a given set of information, which is indicated by the numerical value 𝛽 ∈ [0, 𝑘], obtained through a 

calculation process, and its closest integer value, denoted as 𝑖 ∈ {0, … , 𝑘}. 

Definition 2. Let 𝑆 =  {𝑠଴, … , 𝑠௟} a set of linguistic terms, and 〈𝑆〉 = 𝑆 × [−0.5, 0.5), and 𝛽 ∈ [0, 𝑙] that 

represents the result of an operation; the linguistic 2-tuple expressing the information equivalent to β is obtained 

using the expression: ∆ௌ: [0, 𝑙] → 〈𝑆〉 ∆ௌ(𝛽) = (𝑠௜ , 𝛼௜), ൜ 𝑖 = 𝑟𝑜𝑢𝑛𝑑(𝛽)𝛼 = 𝛽 − 𝑖, 𝛼 𝜖 [−0.5,0.5), (1)

In the given context, where 𝑟𝑜𝑢𝑛𝑑(∙) denotes standard rounding operation, 𝑠௜ represents the 
label closest to 𝛽, and α represents the outcome of the symbolic translation, the result is a 2-tuple 
within the set 〈𝑆〉 that corresponds to a value within the interval [0, 𝑙]. 
Definition 3. Let 𝑆 =  {𝑠଴, … , 𝑠௟}  be a collection of linguistic terms, and (𝑠௜ , 𝛼௜) 𝜖 〈𝑆〉 = 𝑆 × [−0.5,0.5) 

corresponds to the linguistic value expressed in a 2-tuple format (𝑠௜ , 𝛼௜) can be obtained by employing the 

following expression: ∆ௌି ଵ∶ 〈𝑆〉  →  [0, 𝑙] ∆ௌି ଵ(𝑠௜ , 𝛼௜) = 𝑖 ൅ 𝛼 = 𝛽 
(2)

 
The computational model associated with this analysis can be thoroughly examined. The 

following operators are defined, which help to understand and apply the model: 
Comparison operators: Given two 2-tuple linguistic values (𝑠௡, 𝛼ଵ) and (𝑠௞, 𝛼ଶ): 

• If 𝑛 <  𝑘, then (𝑠௡, 𝛼ଵ) is less than (𝑠௞, 𝛼ଶ). 
• If 𝑛 =  𝑘, then 

(a) If 𝛼1 =  𝛼2, then (𝑠௡, 𝛼1) and (𝑠௞, 𝛼2) symbolize identical information. 
(b) If 𝛼1 <  𝛼2, then (𝑠௡, 𝛼1) has a lower value than (𝑠௞, 𝛼2). 
(c) If 𝛼1 >  𝛼2, then (𝑠௡, 𝛼1) is larger than (𝑠௞, 𝛼2). 
Aggregation operators: Let 𝑆  be a collection of 2-tuple linguistic values in 〈𝑆〉 , and let 𝜔 =(𝜔ଵ, … , 𝜔௞) represent their respective weights, such that the sum of the weights ∑ 𝜔𝑖 =  1𝑘1 . In this scenario, 

the weighted average of the 2-tuples is defined as 𝐹𝜔〈𝑆〉𝑘 ∶ →  〈𝑆〉 
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𝐹ఠ((𝑠ଵ, 𝛼ଵ), … , (𝑠௞, 𝛼௞)) = ∆ௌ (෍ 𝜔௜ ∆ௌି ଵ(𝑠௜ , 𝛼௜))௞
ଵ  (3)

3.2. AHP Method 

The method known as the Analytic Hierarchy Process (AHP) was devised by Thomas Saaty and 
serves as a decision-making technique [47]. It provides a systematic approach to solving complex 
problems by structuring and prioritizing multiple criteria. AHP is applicable to a wide range of 
decision-making contexts, including business, engineering, healthcare, and environmental planning. 

One aspect to consider in applying AHP is the number of experts involved in the decision-
making process. In certain cases, decisions can be made by a single expert, while in others, a group 
of experts may be involved. When multiple experts are engaged, the AHP process incorporates their 
diverse perspectives and knowledge, leading to a more comprehensive and robust decision outcome. 

Another factor influencing the application of AHP is the decision environment. Decision-making 
problems can be classified into structured and unstructured environments. In structured 
environments, the decision criteria and their relationships are well-defined and can be quantitatively 
evaluated. AHP is particularly effective in structured environments as it enables the systematic 
comparison and weighting of criteria, facilitating decision-making. 

On the other hand, unstructured decision environments involve subjective criteria and uncertain 
relationships between them. AHP can still be applied in these situations, but additional 
considerations such as expert judgment and qualitative assessments play a significant role in 
determining the relative importance of criteria and alternatives. 

Additionally, the number of criteria in a decision problem affects the complexity of the AHP 
analysis. Problems with a small number of criteria are relatively simpler to handle, allowing for 
straightforward pairwise comparisons and deriving priority weights. As the number of criteria 
increases, the pairwise comparisons become more numerous and intricate, demanding additional 
effort in the analysis. 

To address the challenges posed by large-scale problems, techniques such as hierarchical 
structuring and decomposition can be employed within the AHP framework. These techniques break 
down complex decision problems into manageable subproblems, facilitating the decision-making 
process. 

The AHP method offers a versatile approach to decision-making that can be adapted to various 
scenarios, has been specially developed to address intricate decision scenarios involving multiple 
criteria [48]. The involvement of multiple experts, consideration of the decision environment, and the 
number of criteria are key factors in utilizing the AHP effectively. Understanding these aspects allows 
decision-makers to classify decision problems and apply the appropriate techniques to achieve 
informed and rational decisions. 

Within the framework of the suggested model, the assessment of each criterion's weightage will 
play a crucial role in determining the level of digital maturity of tourists in a smart city setting. 

Further details and elaboration on the entire process are provided in the following subsections. 

3.2.1. Organizing the Decision Model in a Hierarchical Process 

The AHP approach initiates by organizing the decision problem into a hierarchical structure, 
facilitating effective problem analysis and organization. This hierarchical representation categorizes 
the problem into different levels based on shared attributes, allowing for a thorough assessment of 
decision factors. 

At the highest level of the hierarchy, the objective or target is situated, representing the primary 
goal that guides the decision-making process. 

The second level comprises a set of criteria, 𝐶 = {𝑐ଵ, … , 𝑐#௖} . These criteria serve as the 
fundamental factors or dimensions for consideration in the decision. Each criterion can be further 
subdivided recursively into sub-criteria, 𝑐௜௝, 𝑐ଵ௝ = {𝑐ଵଵ, … , 𝑐ଵ#େଵ}.  
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Finally, the lowest level of the hierarchy is comprised of alternatives or choices available for 
consideration in the decision-making process, 𝐴 = {𝑎ଵ, … , 𝑎ଵ#୅}. 

Figure 7 presents a visual representation of the hierarchical structure of the decision problem, 
showcasing the connections and dependencies among the objective, criteria, sub-criteria, and 
alternatives. This graphical illustration provides a clear and concise overview of the relationships 
among these elements, aiding in the decision-making process. 

 

Figure 7. Hierarchical structure of the decision problem. 

3.2.2. Setting Criteria and Weighting 

In the AHP model, criteria and their corresponding weights can be established by utilizing the 
pairwise comparison matrix (𝑃𝑊), Saaty's scale of values (Table 2), weight vector, and consistency 
ratio (CR). 

To begin, the pairwise comparison matrix (𝑃𝑊), is constructed to compare each criterion against 
every other criterion, where the experts assign values to represent the relative importance or 
preference between criteria based on Saaty's scale, which ranges from 1 (indicating equal importance) 
to 9 (indicating extreme importance). 

Next, the matrix is normalized by calculating the row geometric means or column sums to obtain 
the weight vector. The weight vector represents the relative importance of each criterion and serves 
as a basis for decision-making. 

To ensure the consistency and reliability of the weights assigned, the consistency ratio is 
computed (CR). This ratio assesses the consistency of the pairwise comparisons made by experts. If 
the consistency ratio exceeds a predefined threshold, adjustments may be required to achieve more 
consistent judgments. 

By considering the pairwise comparison matrix, Saaty's scale of values, weight vector, and 
consistency ratio, criteria and their corresponding weights can be established in the AHP model. This 
systematic approach enhances the decision-making process by incorporating expert opinions and 
quantifying the relative importance of criteria. 

Table 2. Saaty scale [49]. 

Degree of 

Importance 
Definition 

1 Criteria of equal importance 
3 Criteria with a moderate preference over another 
5 Criteria with a substantial or strong preference over another 
7 Criteria with a very strong or demonstrated preference over another 
9 Criteria with an extreme preference over another 
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2, 4, 6, 8 Intermediate values used to express the preference of importance 
between criteria 
Inverse values 

 
Reciprocals 

The vector representing the weights of criteria, denoted as 𝑤, is calculated using the eigenvector 
method, involves the following: ෍ 𝑝𝑤௜௝𝜔௝௡

௝ୀଵ =  𝜆௠௔௫  ×  𝜔௜  (4)

The maximum eigenvalue of the pairwise comparison matrix 𝑃𝑊 is denoted as λ௠௔௫, and the 
corresponding normalized eigenvector linked to the principal eigenvalue of 𝑃𝑊 is represented by 𝑤. These values play a crucial role in determining the weights of criteria in the decision-making 
process. The consistency ratio (CR) is a metric used to assess the reliability of the AHP method by 
evaluating the consistency of pairwise comparisons conducted by the decision-maker throughout the 
AHP process. It helps ensure that the decision-maker's judgments are consistent and reliable, 
contributing to the overall validity of the decision-making outcomes: 𝐶𝑅 =  𝐶𝐼/𝑅𝐼 (5)

The consistency ratio (CR) is determined by dividing the consistency index (CI), which is 

calculated as ఒ೘ೌೣି௡௡ିଵ , by the random consistency index (RI) as listed in Table 3. 

Table 3. Random consistency values [49]. 

n 1 2 3 4 5 6 7 8 9 10 

Random 

Consistency 

Index (RI) 

0.00 0.00 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49 

When the calculated consistency ratio (CR) is equal to or lower than the predefined consistency 
limits specified in Table 4, it indicates that the results of the hierarchical comparisons meet the 
consistency criteria. In these instances, the pairwise comparison values are considered acceptable, 
ensuring a consistent decision-making process. 

Table 4. Consistency limits [50]. 

Size of the Consistency Matrix Consistency Ratio 

3 5% 
4 9% 
≥5 10% 

3.2.3. Evaluate each alternative against the established criteria 

Similarly, employing a recursive approach, we can utilize the same methodology to assess the 
alternatives by establishing their relationships with each criterion. This process allows us to 
determine the weights and preferences of the alternatives, enabling a comprehensive evaluation and 
comparison to support the decision-making process. This involves constructing a comparison matrix 
for the alternatives, denoted as 𝑊, with dimensions 𝑛 × 𝑛, where each element represents the weight 
assigned to one alternative concerning another alternative for a specific criterion. 

In accordance with the previously outlined methodology, the weights of the alternatives can be 
determined by analyzing the pairwise comparisons within each criterion. This process entails finding 
the maximum eigenvalue (𝜆௠௔௫) and its corresponding eigenvector (𝑤) for each comparison matrix 𝑊. The eigenvector provides the relative weights of the alternatives for the specific criterion. 
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By repeating this procedure for each criterion, a matrix of weights can be generated, 
incorporating the comparisons of each alternative with every other alternative, while considering all 
the criteria. This matrix of weights facilitates the ranking of alternatives based on the established 
weightings. 

Afterwards, as previously explained, the subsequent stages of the process consist of utilizing the 
acquired weights to compute the overall contributions of each alternative in attaining the main 
objective. Consequently, a ranking of the alternatives can be derived based on their assigned weights. 

This approach ensures that the decision model offers a systematic and comprehensive 
evaluation of the alternatives, considering multiple criteria and their respective weightings. As a 
result, decision-makers can prioritize alternatives based on their relative importance and make well-
informed decisions. 

3.2.4. Decision Making 

In the final step of the decision-making process, the assigned weights to the alternatives, derived 
from evaluations of criteria by the experts, are utilized to establish the overall ranking. This ranking 
is critical in identifying the most suitable alternative that aligns with the research objective. By 
integrating expert assessments and criteria weightings, decision-makers can make well-informed 
choices, selecting the alternative that best meets the desired objectives and criteria. 

3.3. Treatment of Heterogeneous Information 

In this research project, our main aim is to bring together different types of information from 
diverse sources using a specialized linguistic information domain called the 2-tuple linguistic 
information domain [51]. To initiate this process, we establish a fundamental set of linguistic terms 
known as the basic set of linguistic terms (CBTL), which serves as the groundwork for all subsequent 
analyses and computations in our study. 

The identification and selection of the CBTL domain, represented as 𝑆̅ =  {𝑠଴, … , 𝑠௞}, involve 
carefully determining the set of linguistic terms that offer the highest level of granularity within the 
diverse information framework [50]. By taking this careful approach, we ensure that we preserve the 
maximum amount of information encapsulated within the linguistic domain. Once the CBTL set is 
defined, we proceed to transform the different expression domains to align with this chosen CBTL 
set. It is essential to recognize that information can be expressed in various domains, such as 
numerical, interval, and linguistic, as depicted in Figure 8. 

 

Figure 8. The 2-tuple linguistic unification model [51]. 

By adopting this approach, our primary objective is to create a comprehensive and cohesive 
representation of heterogeneous information. This will enable us to analyze and interpret the data 
effectively within a unified linguistic framework. Aligning different expression domains with the 
chosen CBTL set will facilitate seamless integration and comparison of information from diverse 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 July 2023                   doi:10.20944/preprints202307.1586.v1

https://doi.org/10.20944/preprints202307.1586.v1


 15 

 

sources. This harmonization of data will lead to more accurate and meaningful insights, allowing us 
to gain a deeper understanding of the underlying patterns and relationships within the information. 
Ultimately, this unified representation will enhance our ability to make informed decisions based on 
a holistic view of the heterogeneous data. 

3.3.1. Numerical Domain 

Definition 4. Given a numerical value 𝑛 ∈  [0,1] and a set 𝑆̅ =  {𝑠̅0, … , 𝑠̅ℎ}, that belongs to the CBTL domain, 

we define the numerical transformation function, 𝑇ேௌ̅: [0,1]  → 𝐹(𝑆̅): 𝑇ேௌ̅(𝑛) = {(𝑠̅଴, 𝛾଴), … , (𝑠̅௛, 𝛾௛)}, 𝑠̅௜ ∈ 𝑆̅ (6)

with 

𝛾𝑖 = 𝜇𝑠ഥ𝑖(𝑛) =  
⎩⎪⎪⎨
⎪⎪⎧      0 𝑖𝑓 𝑛 ∉ 𝑠𝑢𝑝𝑝𝑜𝑟𝑡 ቆ𝜇𝑠ഥ𝑖(𝑥)ቇ  𝑛 − 𝑎𝑖𝑏𝑖 − 𝑎𝑖   𝑖𝑓  𝑎𝑖 ≤ 𝑛 ≤ 𝑏𝑖𝑐𝑖 −  𝑛𝑐𝑖 − 𝑏𝑖  𝑖𝑓  𝑏𝑖 ≤ 𝑛 ≤ 𝑐𝑖

 (7)

where 𝛾𝑖 =  𝜇𝑠ത𝑖(𝑛) 𝜖 [0, 1] is the degree of association between the numerical value n and 𝑠ത𝑖 ∈ 𝑆ഥ. 

3.3.2. Interval Domain 

Definition 5. Considering a given value 𝑢 = [𝑎, 𝑏]  ∈ 𝑃([0,1]) and a set 𝑆̅ =  {𝑠̅0, … , 𝑠̅௞} belonging to the 

CBTL domain, we define the interval transformation function 𝑇ூௌ̅: 𝑃([0,1])  → 𝐹(𝑆̅): 𝑇𝐼𝑆ഥ(𝑢) = {ቀ𝑠ഥ௝, 𝛾𝑗𝑖 ቁ /𝑘 ∈ {0, … , 𝑘}} (8)

where 𝛾௞௜ = 𝑚𝑎𝑥௬𝑚𝑖𝑛൛𝜇ூ(𝑦),  𝜇௦̅ೖ(𝑦)ൟ ; 𝜇ூ(𝑦) 𝑎𝑛𝑑  𝜇௦ೖ̅(𝑦)  represent the membership functions 

corresponding to the interval 𝐼 and the linguistic terms 𝑠̅௞, respectively. 

𝜇ூ(𝑦) = ቐ 0 𝑖𝑓 𝑦 <  𝑎          1  𝑖𝑓 𝑎 ≤  𝑦 ≤  𝑏0 𝑖𝑓 𝑦 >  𝑏 ;   𝑦 ∈ [0,1] (9)

3.3.3. Linguistic Domain 

Definition 6. Considering the set 𝑆 = {𝑙0, … , 𝑙௠}  and the set 𝑆̅ =  {𝑠̅0, … , 𝑠̅௡},  belonging to the  CBTL 

domain 𝑆̅ =  {𝑠̅0, … , 𝑠̅௡}, where both sets represent linguistic terms, and 𝑛 ≥ 𝑚, the function responsible for 

linguistic transformation, 𝑇ௌௌ̅: 𝑆 → 𝐹(𝑆̅) is defined as: 𝑇ௌௌ̅(𝑙௜) = {൫𝑠̅௞, 𝛾௞௜  ൯/𝑘 ∈  {0, … , 𝑛}}  ∀ 𝑙௜ ∈ 𝑆 (10)

where 𝛾௞௜ = 𝑚𝑎𝑥௬𝑚𝑖𝑛 ൛𝜇௟೔(𝑦),  𝜇௦ೖ̅(𝑦)ൟ, 𝑖 = 0, … , 𝑛 ; 𝜇௟೔(𝑦)  and  𝜇௦̅ೖ(𝑦)  identify the membership functions 

corresponding to each term 𝑙௜ , 𝑠̅௞. 

After consolidating the diverse information into a 2-tuple linguistic domain, a variety of specific 
operations become possible within the LD2T domain. These operations lead to interpretable 
outcomes that merge the diverse evaluations within a unified domain, specific to each criterion. 

4. Proposed Model 

In this study, we established a set of criteria, guided by relevant literature, that directly measures 
the digital maturity level of the tourist (DMT) and facilitates the customization of the Customer 
Journey in Smart Cities. The complete process of determining the maturity level, based on a set of 
simulated data, is illustrated in Figure 9.  
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Figure 9. DMT model. 

The new Digital Maturity Level of Tourist (DMT) measurement model proposed in this 
document is based on the following criteria (selected in Section 2): 
• FMU (Mobile device usage frequency): This variable represents the frequency with which 

tourists use mobile devices (such as smartphones or tablets) in their daily lives.  
• MAU (Usage of tourism mobile applications): This variable reflects tourists' willingness to use 

specific mobile applications to access tourism information, make reservations, obtain 
recommendations, etc.  

• DC (Competence in technology use): These variable measures tourists' competence and ability 
to use digital technologies in general.  

• ATT (Attitude towards technology adoption): This variable reflects tourists' attitude towards 
adopting technology in the tourism context. 

• SMU (Social media usage and content sharing): This variable represents the level of tourists' 
engagement in social media and the frequency with which they share content related to their 
tourism experiences. 

• PE (Previous experience with tourism technology): This variable indicates whether tourists have 
previous experience in using tourism technology, such as mobile applications, online bookings, 
digital travel guides, etc. 

• PU (Perception of usefulness): This variable reflects the tourist's perception of the usefulness of 
technology in the tourism context, how technology enhances their tourism experience, provides 
useful information, and meets their needs and expectations. 

• PEU (Perception of ease of use): This variable represents the tourist's perception of the ease of 
use of technology, how easy it is for them to use technology, navigate through mobile 
applications, access information, and perform actions. 
The identified criteria are utilized to evaluate the digital maturity level of tourists. This 

assessment provides valuable information that contributes to the development of personalized and 
real-time Customer Journeys. 

Therefore, the first of the assessments of the tourist's level of digital maturity is represented in 
terms of the parameters described: Mobile device usage frequency (FMU), Usage of tourism mobile 
applications (MAU), Competence in technology use (DC), Attitude towards technology adoption 
(ATT), Social media usage and content sharing (SMU), Previous experience with tourism technology 
(PE), Perception of usefulness (PU), Perception of ease of use (PEU); so that the assessment (DMT), 
can be expressed as 𝐷𝑀𝑇 = 𝑓(𝐹𝑀𝑈, 𝑀𝐴𝑈, 𝐷𝐶, 𝐴𝑇𝑇, 𝑆𝑀𝑈, 𝑃𝐸, 𝑃𝑈, 𝑃𝐸𝑈). 

All criteria defined in the model are derived from a thorough literature review conducted in 
section 2 of this study. The process described in Figure 9, is as follows: 
1. Data collection: This step, the process entails collecting pertinent data and information that are 

relevant to the variables or criteria being studied. All the variables that constitute the model are 
defined within a range of values from 0 to 4. 
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2. Determine the CBTL domain of expression for each criterion: This involves defining linguistic 
terms or categories that represent the different levels or degrees of each criterion. In this study, 
and considering the specific use case, a scale consisting of five values {𝑣𝑒𝑟𝑦 𝑙𝑜𝑤, 𝑙𝑜𝑤, 𝑚𝑜𝑑𝑒𝑟𝑎𝑡𝑒, ℎ𝑖𝑔ℎ, 𝑣𝑒𝑟𝑦 ℎ𝑖𝑔ℎ} will be employed. As this scale pertains to linguistic 
expressions, it will be modeled using the set S. 

3. Scores computation 2-tuple: The 2-tuple model, which is a fuzzy logic-based approach, can then 
be applied to the collected data to handle linguistic uncertainty and quantify the degree of 
membership for each linguistic term. For each evaluation, we must calculate the 
variable𝐹𝑀𝑈௜ , 𝑀𝐴𝑈௜ , 𝐷𝐶௜ , 𝐴𝑇𝑇௜ , 𝑆𝑀𝑈௜ , 𝑃𝐸௜ , 𝑃𝑈௜, 𝑃𝐸𝑈௜ ∈  𝑆 × [−0.5, 0.5). To optimize the utilization 
of the computational model, we will convert this data domain into 2-tuple linguistic variables. 

4. Obtain the global score for each interaction using the AHP model: The AHP model is utilized to 
calculate a global score for each tourist based on the weighted of the different criteria. During 
this stage, the value of the 2-tuple 𝐸௞, that characterizes the score of each evaluation is calculated 
using the Equation (3), so that 𝐸௞ = 𝐷𝑀𝑇௞ = 𝐹ఠ[𝐴௞௜].  
Next, we will set up the decision problem using a hierarchical model (AHP). Subsequently, we 
will construct the pairwise comparison matrix, which can be represented by Equation (4), to 
obtain the weights vector for each variable, 𝑊 = 𝑤ிெ௎ , 𝑤ெ஺௎ , 𝑤஽஼ , 𝑤஺்் , 𝑤ௌெ௎ , 𝑤௉ா , 𝑤௉௎ , 𝑤௉ா௎ . 
This approach helps to weight the criteria for each of the variables that make up the model 
according to expert opinion. 

5. Designate the clusters that identify the different levels of digital development: The interactions 
can be grouped into clusters based on their similarities and differences in terms of the identified 
levels of digital development.  

6. Develop a customized Customer Journey process for each cluster: This involves designing 
tailored experiences, strategies, or interventions that cater to the specific characteristics, 
preferences, and needs of each cluster. This can help optimize the digital development and 
overall satisfaction of tourists within each cluster. 

5. DMT Model, Practical Application 

In this section, we will present an illustrative example of the application of the new DMT (Digital 
Maturity Tourism) model to four different segments of potential users, classified by age: 26 - 35 years, 
36 - 45 years, 46 - 55 years and 56 - 75 years. The dataset used for this analysis comprises a total of 600 
records. Using this dataset, we can effectively apply the developed methodology and extend its 
applicability to a variety of smart city environments. This approach allows us to emphasize the 
variables described in the model, thus improving the digital experience of tourists, and exploring the 
use of technology in the field of smart tourism. 

5.1. Data Collection 

The data collected to evaluate the performance of the proposed model is shown in Figures 10–
12. 

 
Figure 10. Frequency of age. 
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Figure 11. Histograms for AGE, FMU, MAU, DC, ATT, SMU, PE, PU, PEU. 
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Figure 12. Bivariate analysis. 

It can be stated that all variables in the model exhibit a left-skewed or left-shifted Gaussian 
distribution. Figure 12 shows the distribution by age range of each of the variables that make up the 
model.  

It can be observed that as age increases, the level of digitization and technology use among 
individuals tends to decrease. Consequently, the use of technology in Smart Cities is limited to certain 
age ranges. Through this exploratory data analysis (EDA), the need to establish different Customer 
Journeys linked to age groups in Smart Tourism becomes apparent. 

5.2. CBTL Domain and Score Computation 

After grouping the variables into a linguistic domain in 𝑠5, we obtained the following results, 
shown in Table 5. A representative set of data has been chosen, a total of 16 records. ID represents 
the identifier of each person who is part of the data sample. 
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Table 5. DMT, matrix in the 𝑆5 domain. 

ID AGE FMU MAU DC ATT SMU PE PU PEU 

0011 28 M M VH H VH L VH H 
0092 33 M H VH H M VH VH M 
0143 40 H M VH L L L H VL 
0147 42 H H VH H VH M M H 
0170 42 M M M L M M H M 
0198 41 M H H L H VH H VH 
0292 46 H L M M VL H VL VL 
0327 50 H L L L VL L H H 
0348 52 VL M L L H L M VH 
0439 60 VL VL VL L L VL L VL 
0451 62 VL L L L VL VH L L 
0496 64 L L L L L VL L L 
0513 62 M VL L L L VL M VL 
0529 66 M VL L L VL L VL VL 
0577 58 L L L VL VL L H VL 
0580 66 M M L VL L L L L 

5.3. DMT, Overall Score 

At this stage, it is crucial to evaluate the relative importance of each feature of the DMT model 
before calculating the overall interaction score. To achieve this, we will utilize the AHP model. 

To establish consensus, the group of consulted experts utilized the Saaty scale and created the 
following matrix (Table 2): 

 

W =  
⎣⎢⎢
⎢⎢⎢
⎢⎢⎡

𝐹𝑀𝑈 𝑀𝐴𝑈 𝐷𝐶 𝐴𝑇𝑇 𝑆𝑀𝑈 𝑃𝐸 𝑃𝑈 𝑃𝐸𝑈𝐹𝑀𝑈 1 1 1/5 1/3 1/3 3 1/5 1/5𝑀𝐴𝑈 1 1 1/5 1/3 1/3 3 1/5 1/5𝐷𝐶 5 5 1 3 3 5 1 1𝐴𝑇𝑇 3 3 1/3 1 3 3 1/3 1/3𝑆𝑀𝑈 3 3 1/3 1/3 1 1 1/5 1/5𝑃𝐸 1/3 1/3 1/5 1/3 1 1 1/5 1/5𝑃𝑈 5 5 1 3 5 5 1 1𝑃𝐸𝑈 5 5 1 3 5 5 1 1 ⎦⎥⎥
⎥⎥⎥
⎥⎥⎤
 

 
The individual hierarchical results have produced satisfactory outcomes, and the consistency is 

ensured when CR ≤ 0.10, as denoted in Equation (5). In this instance, CR equals 0.065, validating the 
accuracy of the model's results. 

The final weightings obtained are as follows: 𝑊 = {𝑤ிெ௎ =  0.049, 𝑤ெ஺௎ = 0.049, 𝑤஽஼ =0.221, 𝑤஺்் = 0.108, 𝑤ௌெ௎ = 0.069, 𝑤௉ா = 0.037, 𝑤௉௎ = 0.234, 𝑤௉ா௎ = 0.234}.  
Consequently, experts have assigned greater importance to Perceived Usefulness (PU) and 

Perceived Ease of Use (PEU), followed by Digital Competence (DC), Attitude towards Technology 
(ATT), Social Media Usage (SMU), Frequency of Mobile Use (FMU) and Mobile App Usage (MAU), 
and Previous Experience (PE). These variables, along with their respective weights obtained through 
the AHP model, contribute to the final score of the DMT model. 

Table 6 present the global score of the DMT model, set out in the previous steps.  
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Table 6. DMT, overall score. 

ID AGE FMU MAU DC ATT SMU PE PU PEU DMT 

0011 28 M M VH H VH L VH H (H,0.089) 
0092 33 M H VH H M VH VH M (H,0.036) 
0143 40 H M VH L L L H VL (M,0.011) 

0147 42 H H VH H VH M M H (H,0.006) 

0170 42 M M M L M M H M (M,0.032) 

0198 41 M H H L H VH H VH (H,0.002) 

0292 46 H L M M VL H VL VL (L,−0.009) 

0327 50 H L L L VL L H H (M,−0.008) 

0348 52 VL M L L H L M VH (M,0.019) 

0439 60 VL VL VL L L VL L VL (VL,0.103) 

0451 62 VL L L L VL VH L L (L,−0.002) 

0496 64 L L L L L VL L L (L,−0.009) 

0513 62 M VL L L L VL M VL (L,−0.009) 

0529 66 M VL L L VL L VL VL (VL,0.116) 

0577 58 L L L VL VL L H VL (L,0.015) 

0580 66 M M L VL L L L L (L,−0.002) 

The outlined procedure enables the derivation of individual scores for each person based on the 
designated criteria. This establishes a recommendation, prioritization, and personalization model 
that assesses the tourist's potential for utilizing technology in Smart City environments. It is 
important to emphasize that the methodology is not confined solely to the selected criteria but can 
be extended to encompass a broader range of criteria, sub-criteria, and diverse areas of numerical 
and linguistic representation. Furthermore, the approach can involve multiple decision-makers in the 
decision-making process, providing a flexible and scalable framework to address a wide variety of 
complex decision problems. As a result, the assessment obtained for each tourist can guide the 
prioritization of interactions, facilitate the effective utilization of technology within Smart Cities, and 
contribute to optimizing the various touchpoints along the tourist's customized Customer Journey.  

The criteria serve as a roadmap for tailoring the Customer Journey of tourists visiting Smart 
Cities. 

5.4. DMT, Clustering 

The variables in the extended DMT model are represented in a 2-tuple format, which facilitates 
straightforward interpretation and aggregation processes while retaining all relevant information. 
Traditional clustering methods typically operate within a numerical domain, and in our case, we will 
utilize the function ∆ିଵ as defined in Equation (2). This function enables effective analysis and 
clustering based on the given variables. 

The correlation coefficient of -66 between age and DMT scoring indicates a moderate correlation, 
Figure 13. This correlation aligns with expectations, as it is commonly observed that as individuals 
grow older, their ability to adapt to technology tends to decrease. Therefore, in the context of Smart 
Tourism, there is a greater need for personalized guidance and assistance for older individuals to 
navigate and fully benefit from technology-enabled experiences. 
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Figure 13. Correlation matrix. 

Although the use of an algorithm such as k-means in this case is not advisable, it will help us to 
visually distinguish 3 main groups, which are also intuited within the exploratory data analysis 
carried out, Table 7. 

Table 7. Cluster k-means algorithm expressed in 2-tuple. 

Cluster c AGE DMT  Tourist 

0 (M,−0.023) (M, −0.071) 220 
1 (L,−0.084) (M, 0.036) 212 
2 (H, 0.078) (L,−0.002) 168 

 
Figure 14 shows a graphical representation of the clusters obtained. 

 
Figure 14. Cluster Digital Maturity Tourism vs Age. 
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6. Discussion 

Through the implemented process, individual assessment scores can be generated, reflecting the 
digital maturity level of tourists in a specific smart city. The model incorporates a methodology that 
combines decision theory using AHP and Fuzzy Logic. This approach allows for the formulation of 
weights for each variable in the model, facilitating customization of the assignment process, the 
inclusion of new criteria, and enhancing decision-making through the involvement of multiple 
experts belonging to public and private entities [52]. The model's adaptability ensures its capability 
to be tailored to specific requirements and accommodate changes in the technological landscape 
within the smart city environment. 

The obtained scores serve to classify each tourist individually, enabling the creation of Customer 
Journeys tailored to their technological background, adaptability to technology, and the integration 
of technology within smart cities. By utilizing the clusters defined in Table 7, users can be categorized 
into three distinct groups based on their technology usage within the smart city environment. Once 
a person is assigned to a specific profile, it becomes relatively straightforward to generate interactions 
that make the tourist feel welcomed throughout their stay in a smart city. In Table 8, 
recommendations are provided for each cluster. 

Table 8. Recommendation strategy for each cluster. 

Cluster c Recommendation Strategy 

0 

Description: The cluster corresponds to tourists with a moderate level 
of digital maturity. The age range falls within the middle range (46-55 
years), indicating tourists with a positive ability to adapt to technology 
and, consequently, potential users of technology associated with smart 
cities. 
Recommendation: This type of tourist can be guided throughout their 
visit by utilizing mobile technology as a key component of their digital 
journey. Primarily, a chatbot can be employed as a fundamental tool to 
provide recommendations based on the tourist's geographic location 
and personal preferences, which can be obtained through a prior 
survey. 
 

1 

Description: The cluster corresponds to tourists with a moderate level 
of digital maturity. The age range falls within a lower range, specifically 
26-45 years old. Similar to the previous cluster, these tourists exhibit a 
positive ability to adapt to technology and therefore have the potential 
to be users of technology associated with smart cities. The younger age 
group implies greater possibilities for interaction and recommendations 
for guided visits. 
Recommendation: In this case, similar to the first cluster, mobile 
technology can be used as a fundamental component in the process of 
communication and building personalized Customer Journeys. 
Additionally, in this case, activities can be recommended through the 
use of chatbots, offering digital challenges to enhance the tourist's 
digital journey. Furthermore, it is possible to facilitate group 
interactions with other individuals who are interested, creating 
personalized and focused digital experiences centered around the 
achievement of challenges and interactions with similar profiles. The 
use of mobile technology and geolocation enables real-time individual 
and group recommendations. 
 

2 
Description: This final cluster corresponds to individuals aged 56 and 
older with a low level of digital literacy. 
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Recommendation: For this segment, it is recommended to prioritize 
personalization through human interaction, leveraging factors such as 
geolocation and planning activities based on individual preferences. 
Additionally, organizing group activities with others in the same cluster 
who share similar interests and preferences is suggested. 

 
While the classification into clusters is primarily influenced by the correlation between age and 

DMT, it is important to acknowledge that individual characteristics and preferences may vary within 
each age group. It is indeed possible for older individuals to exhibit a high level of digitization and, 
consequently, be assigned to a different cluster. Likewise, younger individuals may require 
personalization in recommendations despite their familiarity with technology. At this stage, the DMT 
classification governs the behavior of the clustering, guiding the relationships to be developed. It is 
crucial to consider individual variations and further refine the clustering approach to account for 
these nuances and better tailor the digital experiences and recommendations for each tourist. 

The average assessment of digital maturity as a function of age is shown in Figure 15,  

 

Figure 15. Cluster Digital Maturity Tourism vs Age. 

As evident, there is an inverse relationship between age range and the average level of digital 
maturity. As the age range increases, the average level of digital maturity tends to decrease, and vice 
versa. This observation aligns with the common trend where younger individuals tend to have a 
higher familiarity and comfort level with digital technologies compared to older individuals. It 
highlights the importance of considering age as a significant factor when assessing and addressing 
digital maturity levels in the context of Smart Tourism. 

7. Conclusions 

This study aimed to develop a tourist evaluation system within the context of a Smart City 
environment. A comprehensive working methodology was proposed, which can be expanded to 
incorporate a wider range of criteria, alternatives, and multiple decision-makers. The methodology 
leveraged the Analytic Hierarchy Process (AHP) as a decision-making tool and utilized fuzzy logic 
to establish a linguistic model with minimal information loss. Furthermore, a clustering process was 
applied in a subsequent phase to provide tailored global recommendations based on specific tourist 
clusters and segments, considering their level of digitization. This entire model contributes to the 
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development of personalized communication processes in the relationship between customers 
(tourists) and public or private entities. 

The results of the study revealed that the digital maturity level of the examined sample varied 
from low to medium. This finding emphasizes the need for targeted training programs focused on 
enhancing the perceived usefulness and ease of use of technology applications within the tourism 
sector. It is crucial to capitalize on the potential benefits that smart cities can offer to the tourism 
industry. Additionally, an essential observation is the significance of technological competency and 
attitudes towards technology among individuals. These factors must be supported by strategies that 
enhance the perception of the usefulness of technological applications and subsequently facilitate 
their ease of use. 

It is worth noting that the developed model is not limited to the tourism sector; it can be 
extended to other sectors such as industry, finance, environment, sustainability, or any other 
applicable use case. The defined clusters exhibit a strong interrelation with each other, emphasizing 
the inherent correlations within the data. 

Furthermore, fostering collaboration between the public and private sectors is essential to 
effectively communicate the importance of digitalization and the transformative benefits that the 
implementation of smart city technologies brings to citizens, specifically within the tourism sector. 
By working together, these sectors can jointly promote and advocate for the adoption of digital 
solutions, emphasizing how these advancements enhance the overall tourist experience and 
contribute to the sustainable growth of cities. 

To operationalize the recommendations derived from the identified clusters, a multifaceted 
approach is required. Apart from focusing on personalized interactions between tourists and public 
or private entities, it is crucial to implement a customer-centric technological infrastructure. This 
involves deploying innovative digital tools, such as mobile applications, augmented reality guides, 
or interactive maps, which facilitate seamless communication, real-time information sharing, and 
personalized service delivery. By leveraging these technologies, tourists can enjoy customized 
experiences that align with their preferences, interests, and digital capabilities. 

However, the successful implementation of such technological initiatives goes beyond 
deploying the systems alone. It necessitates a comprehensive and tailored training program that 
equips individuals with the necessary digital skills and knowledge. This training should be designed 
to address the varying levels of digital maturity and age groups within the target audience. By 
empowering citizens with the digital competencies needed to fully embrace and utilize the available 
technologies, cities can ensure inclusivity and maximize the benefits of smart tourism. 

Furthermore, continuous evaluation and feedback loops should be established to monitor the 
effectiveness of the digitalization efforts and identify areas for improvement. By gathering insights 
from tourists, analyzing their preferences, and adapting the digital offerings accordingly, both the 
public and private sectors can refine their strategies, enhance the tourist experience, and foster a 
culture of continuous innovation. 

In summary, a collaborative approach between the public and private sectors is essential to 
promote digitalization and the adoption of smart city technologies in the tourism sector. By 
prioritizing personalized experiences, leveraging advanced technologies, and providing tailored 
training programs, cities can create a digital ecosystem that enhances the overall tourist experience, 
fosters sustainable growth, and empowers citizens to fully embrace the digital transformation 
journey.  
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8. Future Works 

The conclusions of this study, which integrate bibliographical knowledge, understanding, and 
expansion of the TAM model, as well as the measurement of customer value in relation to the use of 
technology applied to Smart Cities, several areas for improvement and potential avenues for future 
research can be highlighted. These include the following: 
• Investigating the impact of digital maturity on the effectiveness of smart city technologies: 

Further studies can delve deeper into understanding how the level of digital maturity influences 
the adoption and utilization of smart city technologies among citizens. Examining the 
relationship between digital skills, attitudes, and technology acceptance can provide valuable 
insights into tailoring strategies to bridge the digital divide and enhance engagement. 

• Designing personalized digital experiences for tourists in smart cities: Future research can focus 
on developing innovative approaches to create highly personalized digital experiences for 
tourists. This can involve leveraging emerging technologies such as artificial intelligence, 
machine learning, interpretable decision making [53], and personalized recommendation 
systems to deliver customized recommendations, interactive itineraries, and immersive digital 
content based on individual preferences and needs. 

• Evaluating the long-term impacts of smart tourism initiatives: Longitudinal studies can be 
conducted to assess the long-term effects of implementing smart tourism initiatives within smart 
cities. This can involve analyzing the economic, social, and environmental outcomes of 
digitalization efforts, including the sustainability of smart tourism practices and their influence 
on local communities, cultural heritage, and the overall tourist experience. 

• Examining the role of data privacy and security in smart tourism: As the collection and 
utilization of personal data become integral to smart tourism practices, future research can 
explore the ethical and legal considerations surrounding data privacy, security, and consent. 
Investigating ways to ensure transparency, trust, and data protection in smart tourism initiatives 
can help address privacy concerns and foster a positive perception of digitalization efforts. 

• Assessing the scalability and transferability of the proposed model: The applicability and 
effectiveness of the developed model can be further evaluated across different smart city 
contexts and sectors. Conducting comparative studies in various geographic locations and 
industries can provide insights into the adaptability and transferability of the model, as well as 
identify sector-specific variations in digital maturity and criteria relevance. 

• Examining the impact of smart tourism on destination competitiveness: Future research can 
focus on exploring how the adoption of smart tourism practices influences the competitive 
advantage of destinations. Evaluating the economic and strategic implications of smart city 
technologies on destination branding, marketing strategies, and visitor satisfaction can help 
guide decision-making and investment in smart tourism initiatives. 
These future research directions aim to advance our understanding of the evolving landscape of 

smart tourism within smart cities and contribute to the development of effective strategies, 
frameworks, and technologies to enhance the digital experiences of tourists and maximize the 
benefits of digital transformation in the tourism sector. 
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