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Öz 

Bu çalışmanın amacı Nesnelerin İnterneti teknolojilerinin 
(IoT) tüketiciler tarafından kabulünde önemli olan 
faktörlerin belirlenmesi ve kabul davranışını açıklayan bir 
modelin kurulmasıdır. 359 katılımcıdan toplanan veriler 
kısmi en küçük kareler yapısal eşitlik modellemesi ile test 
edilmektedir. Buna göre kabul davranışında belirleyici 
olan davranışsal niyetin %62’si açıklanmaktadır. Bu 
bağlamda, birçok ilişki mevcut araştırma kapsamında ilk 
kez tanımlanmış ve literatüre sunulmuştur. Sonuçlar, IoT 
teknolojilerinin kabulü noktasında tüketici niyet yapısının 
ne kadar karmaşık olduğunu göstermektedir. 

Abstract 

The aim of this study is to determine the factors that are 
important in the acceptance of Internet of Things 
technologies by consumers and to establish a model 
that explains the acceptance behavior. With data 
collected from 359 participants, the model is tested 
using partial least square structural equation model. 
Accordingly, 62% of behavioral intention is explained. In 
this context, some relationships are defined for the first 
time within the scope of the present study and 
presented to the literature. Results show how complex 
the formation of consumer intention is for the adoption 
of IoT technologies.  
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1. Introduction 

IoT technologies provide innovative and smart services and goods to users easing the life 
of consumers through smart devices. While IoT technologies are commonly used in areas such 
as health, smart home automation, smart grids, military, automotive, transportation and 
logistics, and aviation, at the consumer level, it is in the early stages of usage (Kağnıcıoğlu and 
Çolak, 2019). However, with the potential of IoT, the number of connected devices is 
expected to increase. For instance, according to reports, by 2025, there will be an increase in 
the number of IoT devices from 23 billion to 75 billion (Statista, 2016). This will cause a 
valuable market to emerge for companies and new areas to invest in for further market 
shares. With this in mind, IoT may influence consumer behavior in their daily lives with new 
approaches and opportunities they provide (Gao and Bai, 2014). Hence, the adoption and 
acceptance of IoT technologies by consumers come across as an important research topic. 
Therefore, the present study aims to create a comprehensive model for the adoption of IoT 
technologies by consumers and to examine whether the consumers are ready for these 
technologies. 

Many theories and models such as Reasoned Behavior Theory (RBT), Planned Behavior 
Theory (PBT), Social Cognition Theory (SCT), Innovation Diffusion Theory (IDT), Technology 
Acceptance Model (TAM), and Unified Technology Acceptance and Use Theory 1 (UTAUT 1) 
have been developed to examine adoption behavior throughout the years (Kağnıcıoğlu and 
Çolak, 2019). With these theories and related models, researchers have investigated why 
users adopt technological products or systems or which factors play a critical role in this 
adoption behavior.  As stated by Venkatesh et al. (2012), in addition to the models such as 
TAM 2 and UTAUT 1, more comprehensive and consumer-oriented models for the adoption 
of new technologies need to be developed.  In this context, Venkatesh et al. (2012) created 
UTAUT 2 by adding three new variables: Hedonic Motivation (HM), Price Value (PV), and Habit 
(HB) to the original variables, and Performance Expectations (PE), Effort Expectations (EE), 
Social Impact (SI) and Facilitating Conditions (FC) to adapt the original model to the consumer 
concept. Originally UTAUT 1 has been developed in an organizational context where the use 
of technology and adoption behavior may be mandatory as its primary starting point and the 
model is not suitable for the use and acceptance of consumer-oriented innovations such as 
smartwatches (Venkatesh et al. 2012). However, there is no organizational obligation for 
consumers and most consumers' behaviors towards technology are voluntary (Gaitán et al. 
2015). Therefore, UTAUT 2 is presented by Venkatesh et al. (2012) to understand consumers’ 
use of technology in general. In this respect, UTAUT 2 is considered to be the most 
comprehensive theory developed to explain consumer acceptance and use of new 
technologies (Gao et al. 2015). However, there are very few studies that directly use UTAUT 2 
for the adoption of IoT technologies (Gao et al. 2015; Brauner et al. 2017; Baudier et al. 2018; 
Beh et al. 2019). This also makes the current study among the first studies using UTAUT 2 in 
determining consumer adoption of IoT technologies. 

Recent studies show that security and privacy issues arising from the implementation of 
IoT are very important research subjects (Khattak et al. 2019; Tewari and Gupta, 2020; Ande 
et al. 2020). The main purpose of these studies is to show how the IoT structure can be 
improved to provide better solutions against privacy and security issues. As stated by Martino 
et al (2018), since the data exchanged within and among IoT, frameworks are growing 
enduringly, there is the pervasiveness of such systems and that makes the control of the 
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sensitive information rather difficult, ending up with security and privacy issues. The devices 
that can communicate with each other over the internet should be safe enough against 
external attacks. Otherwise, this can be a major obstacle to users' acceptance of IoT 
technologies. That’s why the authors consider security and privacy issues as important 
variable and put it in the model as a new variable. 

Trust is another factor that could be effective for customers in the adoption of new 
technologies. A recent study shows that trust is a direct predictor of patients’ behavior to 
accept technology in availing healthcare services (Dhaggara et al. 2020). According to Alhogail 
(2018), trust in the context of IoT technologies is to rely on another asset that starts with the 
evaluation and expectations of consumers for the product or service to be used and to fulfill 
the expected or targeted purpose. When it comes to IoT technology, trust can be expected to 
build on issues such as system usage security and user security. Since the consumer has to 
interact with devices that communicate with each other within the framework of the IoT 
concept, situations such as uncertainty and vulnerability make trust very important for the 
consumer. Therefore, trust is an important variable that will affect consumers' intentions to 
use these products under all possible risks and in the context of an effort to overcome 
uncertainties (Yan et al. 2014).  

Technology readiness index (TRI) can be interpreted as an integration of the beliefs and 
feelings of the individual towards technologies, which together determine the tendency of 
the person to adopt technological products or services. TRI has been extensively studied in 
many studies on the acceptance of new technologies or technological products and services. 
However, it can be said that this density is formed as an integrated study of TRI and TAM. In 
these studies, the indirect effects of THI sub-dimensions on behavioral intention were 
analyzed by examining the relationship between TRI sub-dimensions and TAM variables (Kuo 
et al. 2013; Roy and Moorthi, 2017). Besides its importance, to our knowledge, recent 
literature lacks having TRI sub-dimensions in explaining consumer adoption of IoT 
technologies. In the current research, this gap is closed by adding TRI variables in the UTAUT 2 
model and show the relationships with the other variables.  

Within the context of the literature review, the present study has a significant 
contribution to the theoretical and practical aspects of the behavioral intention of consumers 
towards IoT technologies. First, a new model is created and tested. In this respect, 
theoretically, some relationships that were not seen in the literature could be examined 
based on various theories in the model created within the scope of the present study. For 
example, while the relationship of optimism and innovativeness with performance 
expectancy, effort expectancy, and hedonic motivation variables have been examined in 
many studies (Ferreira et al.  2014; Roy and Moorthi, 2017; Rahman et al., 2017), the effect of 
optimism and innovativeness on habit and other variables were first discussed in the current 
study. In this context, the hypothetical model proposed in the context of the related literature 
is presented in Figure 1.1 to examine the mediation and indirect effects between behavioral 
intention and other variables for the future acceptance of IoT technologies. 
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Figure 1. Proposed acceptance model 

 

 
 (Authors constituted the figure) 

The remainder of this paper is structured as follows: Section 2 introduces the related 
literature and shows what the current study contributes. Section 3 shows the theoretical 
framework and describes the hypotheses. Section 4 gives the data, methodologies, and 
method used. Section 5 shows the findings. Results are discussed in section 6 with theoretical 
and practical implications. Section 6 also provides limitations and directions for future 
research. 

2. Theoretical background and hypotheses development 

2.1. IoT technology 

The concept of IoT has been gaining great interest in recent years due to the intensive 
usage of internet-related applications. IoT essentially is a large network of intelligent objects. 
As it is known, the classic Internet connects people together, while IoT technologies enable 
objects to communicate independently with each other through integrated sensors (Hsu and 
Lin, 2016). Moreover, IoT means that systems and connection frames in different 
communication patterns such as people to people, people to objects, and from object to 
object are mutually connected (Atzori et al. 2017). 

Considering its general characteristics, the IoT technologies also provide opportunities for 
companies to improve their market presentations, allowing for the creation of new market 
segments and the modification of existing solutions in areas such as production, logistics, and 
storage (Sułkowski and Spychalska, 2017). In the following years, this concept has developed 
in areas such as smart transportation, smart health care, smart homes, wearable smart 
devices, smartphones, etc. by covering a wide range of applications. Accordingly, the 
development and spread of IoT technologies day by day have brought along some 
infrastructural and data security problems. In parallel, today's studies generally investigate 
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the technical, security, and various subsystem characteristics of IoT technologies (Silva et al. 
2018; Casola et al. 2019; Ande et al. 2020) to improve the general system. Some recent 
studies also focus on introducing new business models and new architectures for IoT and 
devices to support the spread of it to new areas (Lee, 2019; Celic and Magjarevic, 2020).  

Although it is important to carry out studies for the basic features of IoT technologies and 
the solutions of some problems that come with them, as stated by Gao and Bai (2014), 
studies should also focus on examining the effects of consumer characteristics and social 
characteristics on the acceptance of consumer IoT technologies. Therefore, this study aims to 
develop and test a model that identifies factors that are effective in relation to consumer 
acceptance of IoT technologies and explains acceptance behavior. 

2.2. Technology readiness index 

In general, the Technology Readiness Index (TRI) translates the individual's mental state 
related to technologies (Ferreira et al. 2014). TRI can be interpreted as an integration of the 
individual's beliefs and feelings towards technologies, which together determine the 
tendency of the individual to adopt technological products or services. Parasuraman and 
Colby (2015) grouped the tendency of people to be ready and adopt these technologies under 
4 categories. Optimism and innovativeness have positive tendencies towards technology 
implying that new technologies contribute to the acceptance of new technologies, while 
discomfort and insecurity reflect negative tendencies implying that new technologies are 
obstructive to their acceptance of new technologies.  

TRI has been extensively utilized in many studies aimed at the acceptance of new 
technologies or technological products and services. However, it may be stated that the focus 
of these studies is in the form of an integrated study of TRI and TAM. In these studies, the 
relationships between TRI sub-dimensions and TAM variables were examined and indirect 
effects of TRI sub-dimensions on behavioral intention were analyzed. Roy and Moorthi (2017), 
in their studies on the acceptance of mobile commerce applications, have found that TRI 
significantly affects perceived benefit and perceived ease of use and TRI plays an important 
role in the acceptance of mobile commerce applications in this aspect. Kuo et al. (2013) show 
that optimism has a significant effect on the expected perceived benefit for the adoption of 
medical registry systems. Finally, Zhang et al. (2017) found that there is a strong relationship 
between innovativeness and adoption intention of healthcare wearable technology. 

As the literature review shows, we have limited knowledge about the fact that how TRI 
factors are effective in explaining the adoption behavior of consumers related to IoT 
technologies. There is a big gap in this and this study also aims to show the relationship 
between TRI dimensions and UTAUT 2 variables to explain how complex the adoption 
behavior is. 

2.3. Consumer/User adoption studies in the era of IoT 

As stated before, recent studies on the adoption behavior mostly focus on TAM or 
improving TAM by integrating different theories and variables to explain consumer adoption 
of IoT technologies (Bölen, 2020; Park, 2020). These studies try to explain the adoption 
behavior in different contexts such as smart homes, smartwatches, and wearable devices and 
give new perspectives in such regard.  

Some other studies try to create new models by integrating different theories and 
variables to explain adoption. However, the implication areas of these researches are not 
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different from those use TAM or other acceptance models. Studies mainly focus on 
smartwatches (Nascimento et al. 2018 and Dutot et al. 2019), smart homes (Sanguinetti et al. 
2018; Schill et al. 2019), and wearable devices (Zhang et.al, 2017; Kim and Park, 2019).  

When it comes to IoT acceptance and UTAUT 2 integration, the literature appears to be in 
its infancy. Gao et al. (2015) investigate the factors associated with consumer’s intention to 
adopt wearable technology in healthcare and they integrate UTAUT 2 with protection 
motivation theory and privacy calculus theory. According to results fitness device users are 
mostly affected by hedonic motivation, functional congruence, social influence, perceived 
privacy risk, and perceived vulnerability. Baudier et al. (2018) used UTAUT 2 as part of the 
smart home concept. While the security and health and comfort variables which are smart 
home dimensions affect performance expectation and habit, these two variables affect the 
intention to use. Brauner et al.  (2017) examined the relationship between user 
characteristics such as age, gender and attitude, and intentions for smart textile products to 
be used in homes. Habit, Hedonic Motivation, and Performance Expectancy have become the 
leading descriptors on the intentions of consumers towards smart textile products with the 
model created based on UTAUT 2. Similarly, Beh et al. (2019) explain smartwatch adoption by 
using UTAUT 2 and perceived vulnerability and perceived severity as moderators. Findings 
show that performance expectancy, effort expectancy, facilitating conditions and hedonic 
motivation have positive impacts on behavioral intentions towards using smartwatches.  

Finally, Kağnıcıoğlu and Çolak (2019) developed a model for consumer acceptance of IoT 
technologies. Here, a new model was established by adding trust, security, and privacy 
variables to UTAUT 2 variables. The main purpose of the study is to reveal whether the 
technology readiness index has a moderator effect on the acceptance of IoT technologies. 
According to the research findings, the habit has a significant effect on behavioral intention. 
Also, interestingly, the effect of security and privacy on behavioral intention is fully mediated 
by hedonic motivation. In addition, it is stated that as consumers' level of technology 
readiness increase, more enjoyment, more perceived benefit and an easier use perception 
emerge. 

When the research conducted by Kağnıcıoğlu and Çolak (2019) is taken as a reference, the 
present study has some similarities. In the present study, we used the same variables in the 
created model. However, differently, technology readiness sub-dimensions are included in 
the model to examine their indirect effects on behavioral intention. Also, we described new 
relationships between variables by making use of the literature. In these aspects, the present 
study tries to expand our knowledge related to IoT technology adoption by consumers by 
discovering those new relationships. As we discuss later, the present study has new findings 
which enlighten us on how ready consumers are in terms of adopting new technologies. 

3. Hypotheses development 

In accordance with the literature, behavioral intention is considered the main determinant 
of consumer acceptance in this study (Venkatesh and Davis, 2000; Venkatesh et al., 2003). 
The main motivation here is that behavioral intention is the most important explanatory 
element of current use behavior. From a theoretical point of view, past studies reveal a strong 
relationship between users' beliefs and behavioral intention (El-Masri and Tarhini, 2017; 
Baudier et al. 2018). Therefore, theoretically, it may be stated that behavioral intention is 
considered as a single dependent variable in terms of explaining IoT acceptance behavior 
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(Gao and Bai, 2014). In addition, the study seeks answers to the following two research 
questions: 

- How ready is the consumer at the point of adoption of IoT technologies? 
- Which factors determine the behavioral intention? 

Social Impact (SI) 

Social Impact is defined as the perception dimension of the beliefs of the people who are 
important for the individual and the necessity of using new technology (Venkatesh et al., 
2003). At the core of social impact, as Thompson et al. (1994) express the people around us 
can associate us with the technologies we use and think that our behavior is influenced by our 
interaction with these technologies. In the current study, it is predicted that social impact will 
have a positive and significant effect on behavioral intention as has been shown by previous 
researches (Wu et al. 2016; Brauner et al. 2017, Lee and Shin, 2019). 

H1: Social impact has a significant effect on the behavioral intention towards future adoption 
of IoT technologies. 

Performance Expectancy (PE), Habit (HB), and Trust (TR) 

Firstly, performance expectancy was defined by Venkatesh et al. (2003) as the belief that 
the use of the system would improve the individual's work performance. However, in the 
consumer realm, Venkatesh et al. (2012) revised performance expectancy as the benefit of 
the use of technology by the consumer in performing certain activities. Performance 
expectancy has been described in the literature as a significant and effective factor in 
explaining behavioral intention in many studies (Hsu and Lin, 2016; Chipeva et al., 2018) 

Limayem et al. (2007) define the habit as a tendency to perform behavior automatically 
based on past learning. Similarly, according to Kim et al., (2005), habit means automation and 
is related to past behaviors. Regarding consumer behavior, Venkatesh et al. (2012) 
emphasized that the habit factor was overlooked in previous studies and found that habit was 
an important explanatory element on behavioral intention in the UTAUT 2 model. In this 
context, it is revealed that habit is a critical factor in determining the consumer's intention to 
accept technology (Kim and Malhotra, 2005; Limayem et al. 2007; Brauner et al. 2017). 

While trust is an important factor that affects consumer behavior and determines the 
success of the adoption of technologies, many definitions of trust have been made in the 
literature (Wei et al., 2009). However, according to Alhogail, (2018), trust in the context of IoT 
technologies is the reliance on another entity for the fulfillment of the expected or intended 
purpose, starting with the evaluation and expectations of consumers for the product or 
service to be used. In the case of IoT technology, trust can be expected to build on issues such 
as system use security and user security.  

Trust also shapes the perceived benefit of the consumer towards technological products, 
and at this point, the consumer's belief in the capability and integrity of the target system can 
reflect the perceived benefit (Alalwan et al., 2018). Since trust covers the belief that 
technology or a system used has the elements that can perform the expected performance 
under different conditions, confidence reduces uncertainty about future behavior (Gefen et 
al. 2003) and this will increase the likelihood of the expected benefit for the consumer. 

According to Limayem et al. (2007), habits tend to be performed automatically due to 
learning, while Kim and Malhotra (2005) suggest that habits are past behaviors. Regardless of 
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whether they are conscious decisions or automatic behaviors, after a certain point, habits are 
influenced by trust (Kağnıcıoğlu and Çolak, 2019). According to Morrison and Firmstone 
(2000), when the consumer relies on an object for the execution of an action (such as use), 
trust becomes a habit on a recurring basis. Furthermore, Ajzen and Fishbein (2005) state that 
feedback from past experiences will shape many future beliefs or performances. Based on all 
of this, the future dependence of the consumer on IoT technologies or their use becoming a 
habit for them will be shaped by the experiences and various learnings gained from the use of 
existing smart systems and the confidence that results from them. 

H2: Trust has a significant effect on the behavioral intention for future adoption of IoT 
technologies through habit. 

H3: Trust has a significant impact on the behavioral intention for future adoption of IoT 
technologies through performance expectancy. 

Hedonic Motivation (HM) and Trust 

Hedonic motivation is defined as the pleasure and entertainment obtained after the use 
of technology and it is emphasized that it has an important role in explaining technology 
usage and acceptance behavior (Brown and Venkatesh, 2005). Many studies in the literature 
within the consumer dimension have investigated the effect of hedonic motivation on 
behavioral intention in the acceptance of intelligent products and systems (Ramantoko et al., 
2016; Brauner et al. 2017).  

With regard to the use of IoT technologies, the consumer's belief in entertainment and 
enjoyment will also affect the consumer's confidence in these technologies. According to 
Alalwan et al., (2015), since intrinsic motivation factors such as perceived entertainment 
affect the integrity and ability dimensions of trust, the trust of those who perceive the use of 
IoT technologies as enjoyable, and entertaining will also increase. Consumers’ pleasure as a 
result of the interaction with existing smart products and systems can affect the confidence 
that is developed for the future use of new technologies in this context. 

H4: Hedonic motivation has a significant effect on the behavioral intention of future adoption 
of IoT technologies through trust. 

Effort Expectancy (EE) and Trust 

Effort expectancy is the degree of convenience of the consumer in relation to the use of 
technology (Venkatesh et al. 2012). AlHogail (2018) mentions that ease of use or usefulness 
will increase consumer confidence in relation to the availability of these systems and hence 
the interaction established. When IoT technologies fulfill the promised interaction 
environment and the practices that facilitate the daily life of the consumer, there will be no 
obstacles in the future for consumers to access and interact with these technologies. 

H5: Effort expectation has a significant effect on the behavioral intention for future adoption 
of IoT technologies through trust. 

Security and Privacy (SP) 

Problems related to security and privacy are related to fears and worries such as illegal 
use of user information, infiltration of networks, financial loss, unauthorized use of personal 
information, etc. for new technology (Tsai et al., 2011). According to Shin (2010), security is 
the perception of the technology used to work properly and be guaranteed by the provider 
without risk. Therefore, the consumer's positive beliefs in the security and privacy issues 
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associated with IoT technologies will enable the consumer to gain a more optimistic view of 
the endeavor to use these technologies. The positive and significant effect of security and 
privacy on the behavioral intention at the point of adoption of new technologies has been 
demonstrated in many studies in the literature (Oliveira et al., 2016; Johnson et al., 2018; 
Aldossari and Sidorova, 2018). Although it is likely that consumers will adopt a timid approach 
when the data in question is of a sensitive nature, it is thought that security and privacy will 
have a positive impact on behavioral intention due to the experience of consumers’ previous 
interactions with existing smart systems and the inherent ability of IoT technologies to 
facilitate daily life. 

H6: Security and privacy have a significant impact on the behavioral intention for future 
adoption of IoT technologies through effort expectancy. 

Technology Readiness Index Sub-dimensions and Other Variables 

The personality traits of consumers are important in terms of adopting new technology 
and making a purchase decision. According to Midgley and Dowling (1978), the innovation 
that shapes the consumer's adoption of new ideas, products, and technologies should be 
classified under personality traits. Innovativeness (INV) and optimism (OPT) not only help the 
consumer to adopt a particular product or service but also reduce the perceived risk 
associated with the use of that product or service (Manzano et al., 2009). Venkatesh et al. 
(2012) mention that the consumer's perception of innovation, optimism towards technology, 
and the desire to search for new things will regulate the effect of hedonic motivation on 
behavioral intention.  

The automatic behavior of consumers who tend to be ready for technology will also affect 
their beliefs about becoming dependent on new technologies or gaining habits towards these 
technologies. Considering the characteristics of the consumers who are innovative and 
optimistic, it is foreseen that their repeated behaviors will be effective in the adoption of new 
technology (Limayem et al. 2007). 

H7: Optimism has a significant effect on the behavioral intention of future adoption of IoT 
technologies through performance expectancy. 

H8: Optimism has a significant effect on behavioral intention towards future adoption of 
IoT technologies through habit. 

H9: Optimism has a significant effect on the behavioral intention for future adoption of IoT 
technologies through hedonic motivation. 

H10: Optimism has a significant impact on the behavioral intention of future adoption of 
IoT technologies through effort expectancy. 

H11: Innovativeness has a significant impact on the behavioral intention of future 
adoption of IoT technologies through performance expectancy. 

H12: Innovativeness has a significant impact on the behavioral intention of future 
adoption of IoT technologies through habit. 

H13: Innovativeness has a significant effect on the behavioral intention of future adoption 
of IoT technologies through hedonic motivation. 

H14: Innovativeness has a significant impact on the behavioral intention of future 
adoption of IoT technologies through effort expectancy. 
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4. Methodology 

Research model 

This research is a descriptive study aimed at revealing the relationships between 
optimism, trust, innovativeness, security and privacy, performance expectancy, habit, hedonic 
motivation, effort expectancy, and social impact and behavioral intentions of IoT technologies 
for future acceptance (Figure 1.1). 

Sample 

The universe of the research is composed of consumers using any smart device. The 
sample group consisted of 359 university students attending the Faculty of Economics and 
Administrative Sciences in the 2018-2019 Academic Year Fall semester, studying in 5 different 
departments. 47.6 percent (171) of the students were male and 52.4 percent (188) were 
female. The average age of the students was found to be 22.5 with a standard deviation of 
1.6. 

Data collection tools 

Questionnaires were used as data collection tools. The scale items were prepared as a 5-
point Likert scale referring to IoT technologies (1 = Strongly disagree, 5 = Strongly agree). 
UTAUT 2 scale items were adapted from Venkatesh et al. (2012), Trust items from Gefen et al. 
(2003), and Security and Privacy items from Chong and Chan, (2012). In addition, the 
technology readiness index scales, which reflect the intrinsic characteristics of consumers 
regarding technology, consisting of the sub-dimensions of innovation, optimism, insecurity, 
and discomfort, were adapted from Shin and Lee (2014). 

Data collection 

In this study, some demographic information such as gender, age, and study year/cycle 
were collected along with data on defined variables of IoT technologies for future acceptance 
were collected. Before the data collection, the students have watched a video to introduce 
the concept of IoT. All data was then collected by the researcher in the classes. Ethics 
committee permission was obtained from the related institution before the study data was 
conducted. 

Data analysis 

Structural equation modeling with PLS consists of two stages: the evaluation of the 
measurement model and the evaluation of the structural model. Evaluation of the 
measurement model is mainly conducted by analyzing structure reliability, indicator 
reliability, convergent validity, and discriminant validity. Here, Cronbach’s alpha and 
composite reliability values are examined for structure reliability. In addition, factor loadings 
are examined for item reliability and these loadings are expected to be above the threshold 
value of 0.7, while items with reliability below 0.4 need to be eliminated (Churchill, 1979). 
Convergent validity is evaluated using AVE (Average Variance Extracted) and outer loadings 
(Hair et al., (2016).  

One of the factors that should be examined for validity is discriminant validity, which 
means that one variable is different from other variables. Three criteria are considered when 
examining this validity: Cross loadings, Fornell – Larcker criterion, and Heterotrait-Monotrait 
(HTMT). However, as Henseler et al. (2016) state that HTMT creation gives more reliable 
results, we only used HTMT creation for discriminant validity.  
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After examining the reliability and validity of the measurement model, the structural 
model should be evaluated. For the whole model evaluation, PLS SEM does not provide the 
general model fit values the way covariance based SEM does (Sevim et al. 2017). For the basic 
statistical analysis in the evaluation of the structural model; 𝑅2, standard error, p value, t 
statistic value, 𝑄2 predictive power analysis and 𝑓2  effect size analyses are used. In addition, 
as proposed by Tenenhaus et al., (2005) the GoF (Goodness of Fit) index, was also used in the 
evaluation. As a result of their evaluation, Wetzels et al. (2009) reported compliance values as 
the cut-off results of the analysis to be GoF = 0.1 (low); GoF = 0.25 (medium); GoF = 0.36 
(high). 

5. Results 

Measurement model  

Construct validity was obtained with Cronbach’s alpha values and composite reliability 
values. The threshold value of these two analyses are must be above 0.70. Table 5.1 shows 
that Cronbach’s alpha and composite reliability of the variables BI, EE, PE, SI, HM, HB, TR, SP, 
OPT, and INV are above the 0.70 threshold (Henseler and Sarstedt, 2013). The factor load of 
TR6 item shown in red in Table 5.1 is below the threshold value of 0.70. However, as Hair et 
al. (2016) stated, the researcher should show restraint when discarding items in the value 
range of 0.6-0.7. These items should be kept in the model especially considering their 
theoretical importance in the research. Therefore, TR6 item was included in the evaluation. 
However, INV1 item (0.341) is excluded from the model. 
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Table 1: Reliability and validity results of the measurement model 

As mentioned before, validity is provided in two ways, as convergent and discriminant 
validity. Convergent validity is provided by the mean variance (AVE) described by Fornell and 
Larcker (1981). Bagozzi and Yi (1988) state that the structures in the model provide a high 
convergent validity if they are above 0.5 for AVE. AVE and the reliability results of all variables 
in the model are summarized in Table 1. As can be seen, the reliability and AVE values of all 
variables are within the specified ranges or above the threshold values. 

HTMT can measure discriminant validity with high sensitivity. With the HTMT, the extent 
to which the two corresponding variables are separated can be observed. All HTMT values 

Variables Items 

Convergent Validity Internal Consistency Reliability 

Loadings Indicator Reliability AVE 
Composite 
Reliability 

Cronbach’s Alpha 

>0.7 >0.5 >0.5 0.6-0.9 0.6-0.9 

BI 

BI1 0.91 0.828 

0.794 0.939 0.913 
BI2 0.866 0.75 

BI3 0.922 0.85 

BI4 0.866 0.75 

EE 

EE1 0.847 0.717 

0.711 0.908 0.863 
EE2 0.779 0.607 

EE3 0.897 0.805 

EE4 0.846 0.716 

SI 

SI1 0.808 0.652 

0.75 0.899 0.837 SI2 0.91 0.828 

SI3 0.896 0.803 

HM 

HM1 0.964 0.93 

0.918 0.971 0.955 HM2 0.967 0.935 

HM3 0.943 0.89 

HB 

HB1 0.851 0.724 

0.655 0.883 

 
0.824 

 
  

HB2 0.74 0.548 

HB3 0.777 0.604 

HB4 0.862 0.743 

PE 

PE1 0.819 0.671 

0.648 0.88 0.821 
PE2 0.812 0.66 

PE3 0.846 0.716 

PE4 0.74 0.548 

TR 

TR1 0.851 0.724 

0.626 0.909 0.881 

TR2 0.864 0.747 

TR3 0.812 0.659 

TR4 0.782 0.612 

TR5 0.737 0.543 

TR6 0.688 0.473 

SP 

SP1 0.902 0.814 

0.835 0.938 0.902 SP2 0.931 0.867 

SP3 0.908 0.825 
 OPT1 0.876 0.767    

OPT OPT2 0.89 0.792 0.699 0.874 0.785 
 OPT3 0.744 0.554    

 INV2 0.778 0.605    

INV INV3 0.832 0.692 0.546 0.815 0.713 
 INV4 0.877 0.769    
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should be below 0.85. In our findings, there is a 0.83 relationship between TR and SP. 
Although it is below the threshold of 0.85, a value of 0.83 indicates that these two structures 
may be close to each other. However, Henseler et al. (2016) emphasized that it is sufficient to 
have HTMT values below 0.9 for conceptually closely related variables. As a result, when 
HTMT criteria are examined, it is concluded that discriminant validity is provided in this study. 

Structural model 

The GoF value was calculated as 0.48 and indicates that a very good model fit value is 
achieved for the structural model. However, according to Henseler and Sarstedt (2013), the 
GoF value alone does not represent a true global cohesion value, and as suggested by Hair et 
al. (2016), it is necessary to analyze which variables 𝑅2 values are formed, and t values for the 
structural model.  

Chin (1998) described values of 𝑅2 ranges as 0.19 (weak); 0.33 (medium) and 0. 67 (high). 
In our findings, 𝑅2 values for each dependent variable are HB (0.29); BI (0.62); TR (0.14); HM 
(0.25); PE (0.39) and EE (0.20) respectively. Accordingly, it is understood that the 𝑅2 (0.62) 
value of the is quite high. Thus, 62% of the BI for future adoption of IoT technologies can be 
explained by the variables PE, EE, HM, HB, SI, TR, SP, OPT, and INV. 

In addition to the 𝑅2 values, the 𝑄2 analysis, also known as the re-use technique of the 
estimator sample, can be used effectively for the estimation power evaluation of the model 
(Chin et al., 2008). This test is performed by running a procedure called blindfolding. As a 
result, 𝑄2 is automatically calculated for each dependent variable. The higher the 𝑄2 value 
above 0, the greater the prediction power. 𝑄2 values of each dependent variables are HB 
(0.175), BI (0.459), TR (0.07), HM (0.215), PE (0.226) and EE (0.128). Findings show the 
predictive power of the model is at an acceptable level since 𝑄2 values are greater than 0.  

Multiple collinearity analysis is another type of analysis that is important in evaluating the 
structural model. Inner VIF values are for investigating the collinearity problem between a 
structure in the model and the other structures that are related. It is stated that the VIF value 
should be below 3.3 (Diamantopoulos and Siguaw, 2006) in some sources and less than 5 
(Hair et al., 2016) in others. In the current study, VIF values are below both cut-off values. 
Therefore, it is understood that there is no multiple collinearity problem for the current 
model. 

Peng and Lai (2012) emphasize that researchers should analyze the effect size of the 
predictive structures using Cohen's effect size coefficient 𝑓2. The effect size 𝑓2 is used to 
show the average relative variance increase in 𝑅2. Cohen (1988) states that 0.35 (high); 0.15 
(medium) and 0.02 (low) values are acceptable. Table 5.2 shows 𝑓2 values for predictive 
variables. When the variables influencing the 𝑅2 (0.62) of BI are examined, the variables with 
the greatest influence are HB (0.12) and HM (0.10). However, the effects of the SP (0,01), PE 
(0.01) and SI (0.01) variables on the 𝑅2 of BI seem to be beyond acceptable values. In other 
words, if these variables are removed from the model, the change in the 𝑅2 of BI will be very 
small. 
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Table 2: f2 values 

  HB BI SP TR HM PE SI INV EE OPT 

HB  0.12         

BI           

SP  0.01       0.02  

TR 0.11 0.02    0.16     

HM  0.1  0.04       

PE  0.01         

SI  0.01         

INV 0.03    0.05 0.03   0.07  

EE  0.05  0.04       

OPT 0.1    0.16 0.18   0.06  

The procedure recommended by Zhao et al. (2010) is followed to examine the mediation 
effects. To examine the mediation relationship, the significance of the total effect, direct 
effect, and indirect effects should be tested. The SmartPLS 3.2.8 package program calculates 
these three values and additionally provides “specific indirect effects” that show all other 
mediation relationships covering the entire model. From this perspective, it is expected that 
specific indirect effects, which also show other latent relationships in a whole model, will also 
be significant. 

Direct effects show the significance of the different relationships within each of the 13 
mediation hypotheses in total. When the path coefficients (β) and p statistical values of the 
mentioned relationships are examined, HB -> BI (β=0.309; p < .001), SP -> EE (β= 0.126; p < 
.05), TR -> HB (β= 0.293; p < .001), TR -> BI (β= 0.145; p < .05), TR -> PE (β= 0.322; p < .001),  
HM -> BI (β= 0.270; p < .001), HM -> TR (β= 0.217; p < .001), PE -> BI (β= 0.108; p < .05), INV -> 
HB (β= 0.155; p < .001), INV -> HM (β= 0.218; p < .001), INV -> PE (β= 0.157; p < .001), INV -> 
EE (β= 0.257; p < .001), EE -> BI (β= 0.167; p < .001), EE -> TR (β= 0.210; p < .001), OPT -> HB 
(β= 0.298; p < .001), OPT -> HM (β= 0.373; p < .001), OPT -> PE (β= 0.375; p < .001), OPT -> EE 
(β= 0.247; p < .001) appear to be supported. It should be noted that all the relationships given 
are defined in the mediation hypotheses. Among these relationships, only SP -> BI (β = -0.070; 
p = 0.160) and SI -> BI (β = 0.066; p = 0.062) were not supported. 

Before deciding whether mediation hypotheses are supported, the total and indirect 
effects, as mentioned earlier, should be examined. In this context, As the direct effects of SI -> 
BI and SP -> BI relationships are not supported, H1 and H14 hypotheses should be rejected. 
However, since H14 is a mediation hypothesis, it will be retained in the model for further 
analysis. For other relationships that do not have problems in their direct effects, specific 
indirect effects and total effects should be examined. When the total effects are examined, 
there are no problems in the relationships of variables other than the SP and SI variables. 
However, when the specific indirect effects (including those not hypothesized) showing the 
mediation relationships of an entire model are examined, the paths of many mediation 
relationships are not supported. For example, although HM -> TR -> BI (H9) is significant, INV -
> HM -> TR -> PE -> BI, HM -> TR -> PE -> BI, OPT -> HM -> TR -> PE -> BI paths are not 
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significant. The process to follow at this point is to determine which relationships break the 
mediating relationships within a whole model. 

In the present study, since the aim is to create the model that best describes the BI, the 
model in which all relationship paths are significant will be shown. As a result of different 
variations carried out to this end, the model shown in Figure 1 was established. 

Figure 2. IoT technologies acceptance model (final model) 

 

Reliability and validity analysis of the final model 

According to the reliability and validity results of the final model, all reliability and validity 
values of the variables belonging to the new model are above the accepted threshold values.  
Only the factor load value of TR6 is below 0.708 at the limit. However, as stated by Hair et al. 
(2016), values in the range of 0.4-0.7 are also accepted in newly developed models and scales. 

According to the HTMT results of the second model, it is understood that the average of 
the correlations of the items of all variables in the new model to the geometric mean of the 
correlations of the items of the variables in the corresponding row in the table is below the 
threshold value of 0.85.  

The structural model investigation related to the final model 

Since there are no changes in the values of 𝑅2 and 𝑄2 for the structural model, the values 
of the first model can be taken into account. Since there are small decreases in AVE values of 
only some variables, the GoF value decreased from 0.48 to 0.46. Inner VIF values are also 
clarified. According to the findings, correlations between all variables do not cause a 
collinearity problem since the values are below the 3.3. or 5 thresholds. 
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Table 3 shows significant changes when compared with Table 5.2, which shows 𝑓2 values 
in the previous model. The values showing the 𝑅2 effects of TR and PE in BI have increased 
from 0.01 for both variables to an acceptable limit of 0.02. Thus, it can be concluded that the 
SI and SP variables removed from the model reduce the effects of TR and PE on BI. Other 
variables in the model explained 62% of the behavioral intention towards consumer 
acceptance of IoT technologies in the future. Henseler et al., (2009) indicate that a value of 
0.75 and above shows a very high and broad explanation power. In this context, considering 
the variables and the relationships established within the model, it explains behavioral 
intention at a very satisfactory rate. 

Table 3. f2 values for the final model 
 HB BI SP TR HM PE INV EE OPT 

HB   0.13               

BI                   

SP               0.02   

TR 0.11 0.02               

HM   0.1   0.12           

PE   0.02               

INV 0.03       0.05     0.07   

EE   0.05               

OPT 0.1       0.16 0.38   0.06   

When the direct effects are examined (Table 4), it can be seen that all direct paths are 
significant. Within all relationships, it is understood that the variable with the greatest effect 
on BI is HB (β = 0.316; p = 0.00 ***). 

Table 4. Path coefficients / direct effects related to the final model 

  Original Sample Sample Mean Standard deviation T Statistics P Values 

HB ->BI 0.316 0.32 0.05 6.45 0.00 

SP ->EE 0.128 0.14 0.05 2.47 0.01 

TR->HB 0.296 0.3 0.05 6.3 0.00 

TR ->BI 0.101 0.1 0.04 2.49 0.01 

HM->BI 0.274 0.27 0.05 5.75 0.00 

HM->TR 0.326 0.33 0.05 6.66 0.00 

PE -> BI 0.123 0.12 0.05 2.49 0.01 

INV -> HB 0.155 0.16 0.05 3.11 0.00 

INV >HM 0.218 0.22 0.06 3.9 0.00 

INV -> EE 0.262 0.26 0.06 4.56 0.00 

EE -> BI 0.175 0.17 0.05 3.81 0.00 

OPT ->HB 0.296 0.3 0.06 5.28 0.00 

OPT >HM 0.373 0.37 0.06 6.6 0.00 

OPT -> PE 0.523 0.52 0.05 10.49 0.00 

OPT -> EE 0.245 0.24 0.06 4.2 0.00 

* p < .05, ** p < .01, *** p < .001 

According to total effects results, which should be examined for the testing of hypotheses 
are examined, it is observed that all the paths are supported. In addition, relations previously 
not hypothesized; INV -> HM -> TR -> HB (β = 0.021; p = 0.003 **), OPT-> HM -> TR -> HB (β = 
0.036; p = 0.001 ** ), INV -> HM -> TR -> HB -> BI (β = 0.07; p = 0.01 *), HM -> TR -> HB -> BI (β 
= 0.03; p = 0.002 **), OPT -> HM -> TR -> HB -> BI (β = 0.011; p = 0.005 **), INV -> HM -> TR -> 
BI (β = 0.07; p = 0.044 * ), OPT-> HM -> TR -> BI (β = 0.012; p = 0.03 **), INV -> HM -> TR (β = 
0.071; p = 0.001 **) and OPT -> HM - > TR (β = 0.122; p = 0.000 ***) were discovered during 



Ağustos 2021, 16 (2) 

417 

the analysis in accordance with the nature of SEM. Here, the relations between OPT, INV, HM, 
TR, HB and BI draw attention. In particular, it is seen that the effect of HB on BI is complex 
within the study. Therefore, based on all these relationship networks, which the general 
literature has not examined before, these appear to be unique findings discovered in the 
present study. 

Finally, Table 5 shows the specific indirect effects of the final model. As can be seen from 
the table, all the mediation relationships in the model are significant. Thus, the hypotheses 
H3, H4, H5, H6, H7, H9, H11, H12, H13, and H14 are supported. 

Table 5. Specific indirect effects of the final model 

  Original Sample Sample Mean Standard deviation T Statistics P Values 

INV -> HM -> TR -> HB 0.021 0.021 0.007 2.928 0.003 

HM -> TR -> HB 0.097 0.101 0.025 3.827 0.000 

OPT -> HM -> TR ->HB 0.036 0.038 0.011 3.208 0.001 

INV -> HM -> TR -> HB ->BI 0.007 0.007 0.003 2.565 0.010 

TR -> HB -> BI 0.093 0.095 0.021 4.393 0.000 

HM -> TR-> HB -> BI 0.030 0.032 0.010 3.160 0.002 

OPT -> HM -> TR -> HB -> BI 0.011 0.012 0.004 2.828 0.005 

INV -> HB -> BI 0.049 0.049 0.017 2.837 0.005 

OPT -> HB -> BI 0.094 0.094 0.022 4.158 0.000 

INV -> HM -> TR -> BI 0.007 0.007 0.004 2.014 0.044 

HM -> TR -> BI 0.033 0.034 0.014 2.375 0.018 

OPT -> HM -> TR -> BI 0.012 0.013 0.006 2.170 0.030 

INV -> HM -> BI 0.060 0.059 0.019 3.186 0.001 

OPT -> HM -> BI 0.102 0.102 0.024 4.188 0.000 

OPT -> PE -> BI 0.064 0.064 0.027 2.367 0.018 

SP -> EE -> BI 0.022 0.023 0.010 2.141 0.032 

INV -> EE -> BI 0.046 0.045 0.016 2.923 0.004 

OPT -> EE -> BI 0.043 0.042 0.015 2.813 0.005 

INV -> HM -> TR 0.071 0.071 0.021 3.469 0.001 

OPT-> HM -> TR 0.122 0.125 0.029 4.198 0.000 

* p < .05, ** p < .01, *** p < .001 

6. Discussion 

This study examined the factors that affect the behavioral intention of consumers to 
adopt IoT technologies in the future and the most comprehensive model to explain whether 
the consumer is ready for these new technologies. In the study, Unified Technology 
Acceptance and Use Theory 2 (UTAUT) 2 is accepted as the most advanced acceptance theory 
in the consumer realm. The variables of trust, security, and privacy, which are considered to 
be important factors in the adoption of IoT technologies, have been added to the variables of 
the model developed (Kağnıcıoğlu and Çolak, 2019). Besides, innovativeness and optimism 
are included in the model with the expectation that they will shape many relationships within 
the structural model. 

In the model, the direct effects of habit, performance expectancy, effort expectancy, 
hedonic motivation, social impact, trust and security, and privacy variables on behavioral 
intention and their relationship with optimism and innovativeness were examined. In this 
context, some relationships are defined for the first time within the scope of the present 
study and presented to the literature.  In this respect, the results of the research stand out 
with their exploratory features as well as the original structure of the study. As a result of the 
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relations established with the structural equation modeling method, many conclusions have 
been reached and this shows how complex the formation of consumer intention is at the 
point of adoption of technologies.  

6.1. Theoretical implications 

The belief that consumers will gain habits in IoT technologies affects their behavioral 
intentions towards their acceptance of these technologies. As stated before, Habit is a 
learning process shaped by past experiences. This shows us that, as a result of their current 
experiences, consumers have become familiar with the use of smart technologies they 
currently use. In this context, consumers show that they believe that the unique opportunities 
that IoT technologies will offer will be indispensable in their lives or part of their daily lives in 
the future. Habit is the most important factor explaining the consumer adoption of IoT 
technologies, and this result is compatible with Nascimento et al. (2018)’ findings. 

This study shows that consumers place trust in IoT technologies. In addition, consumers 
believe that they can become more dependent on IoT technologies, increasing the effect of 
trust on consumers' behavioral intentions (Kağnıcıoğlu and Çolak, 2019). As Limayem et al. 
(2007) state, habit is automatic learning that develops as a result of past experiences, 
therefore it is understood that there is trust in the experience that the consumer develops. 
Ajzen and Fishbein (2005) emphasize that many future beliefs can be shaped as a result of 
feedback from past experiences. Therefore, in parallel with what Morrison and Firmstone 
(2000) stated, it is concluded that trust can turn into a habit as a result of actual actions. 

Users are convinced that this process will be fun for them, rather than considering the 
effort they will exert when using IoT technologies. While IoT technologies aim to make 
people's daily lives more comfortable, they will also create new communication environments 
and various entertainment patterns that will enable the consumer to enjoy using these 
technologies. Another important result is that hedonic motivation affects behavioral intention 
through trust. As consumers' confidence in IoT technologies increases, the pleasure of using 
these technologies will increase and so will the behavioral intention for the adoption of these 
technologies in the future. As Luhmann (2000) states, behind all this, it can be said that the 
improved degree of familiarity will affect the consumer. Accordingly, as the degree of 
familiarity of a person or event increases, the degree of uncertainty in the person decreases, 
and the person feels confident about what he/she encounters. Therefore, consumers believe 
they acquire pleasure as a result of their interaction with existing smart technologies and 
systems and therefore they will seek similar pleasure and entertainment outputs after the use 
of IoT technologies.  

Security and privacy issues did not have a significant effect on behavioral intention in this 
study. The most important reason for this is that the consumer's experience with existing 
smart technologies and systems is insufficient to create familiarity with the security and 
privacy issues that will arise with the use of IoT technologies. This is because as Venkatesh et 
al. (2012) stated when some familiar conceptual keys are observed in the future, one can 
establish an automatic or direct relationship between the past response and these conceptual 
keys. Interestingly, however, consumers' perspectives on security and privacy influence 
behavioral intention through their efforts to use these technologies. In fact, the consumer's 
belief that they can use these technologies without any effort reflects their belief that they 
have control over these technologies which increases their positive perceptions regarding 
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security and privacy. The new relationship defined in the light of all these is presented as a 
unique and new output to the literature. 

Optimism and innovativeness have a positive and significant effect on behavioral intention 
indirectly through performance expectation, hedonic motivation, and effort expectation. 
These findings concur with the results of many studies conducted in the literature (Kuo et al. 
2013; Seol et al. 2017; Alalwan et al., 2018). In this study, the effect of innovativeness and 
optimism on behavioral intention through habit, which has not been examined in the 
literature before, is also revealed. According to the findings, the fact that consumers are 
innovative and optimistic increases their beliefs that they will gain habits in relation to the use 
of IoT technologies, which also increases their behavioral intentions.   

The lack of a significant effect of social impact on behavioral intention can be explained by 
the fact that consumers are innovative and optimistic towards technologies. People with high 
innovativeness and optimism will have high confidence in the use of new technologies. 
Innovative individuals, in particular, are the first to adopt these technologies by following the 
latest technological developments closely and assuming roles such as pioneers and opinion 
leaders. Therefore, as these people have different ways of accessing information, and since 
they are opinion leaders, they are not influenced by the opinions of others. 

This study also shows the relationship networks that have not been examined before 
within the scope of many original and literature reviews. For example, because trust is the 
belief that non-abandonment by new technologies or the investment made for the benefit of 
the consumer (Gefen et al. 2003), the consumer feels more control over the use of the 
product, which increases the consumer's belief in greater pleasure and enjoyment. In 
addition, this relationship affects consumers' belief that they can depend on IoT technologies. 
Based on the findings of the research, it can be said that the behavioral intentions of 
consumers towards the adoption of IoT technologies are affected by variables such as 
hedonic motivation, trust, and habit rather than total benefit. Consumers are ready to use 
these technologies and tend to use them for a long time. In addition, as the optimism and 
innovativeness levels of consumers increase, so does their belief that they will achieve 
pleasure and entertainment through the use of IoT technologies. This also affects the 
consumer's belief that they may become dependent on IoT technologies while increasing 
their confidence in IoT technologies. In terms of direct effects, the habit was found to be the 
variable with the greatest impact on behavioral intention. Therefore, it can be said that the 
relationship between optimism, innovation, hedonic motivation, and trust is effective in this 
influence of habit.  

6.2. Practical implications 

The most important implication for practitioners is the certainty that a broad cognitive 
and environmental process is involved in determining behavioral intention for future 
adoption of IoT technologies. Especially when it comes to technological products, it is seen 
that consumer expectations for pleasure and entertainment surpass many variables. 
Practitioners are therefore required to design in a way that allows the consumer to have a 
pleasant time at when using IoT technologies. 

Practitioners should also pay attention to the fact that future potential users of future 
technologies tend to be ready for the technology. It can be said that as the tendency to be 
ready for technology increases in the consumer, they are more inquisitive and have access to 
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information with their own resources and in this context, they tend to be opinion leaders. 
Therefore, the priorities of the users with a high level of technology readiness are not exactly 
total benefits, but rather as indicated by the results obtained in this study where they focus 
on topics such as fun content and trust. Presently, it is important for the companies producing 
smart products to take into account the pleasure and trust aspects sought by the consumer in 
their activities such as investment and design in IoT technologies. 

Considering that habit is an automatic learning process that occurs as a result of past 
experiences, some usage patterns that are used by the consumer should not be excluded in 
terms of the general functioning of the products. Although Ajzen (2002) states that the 
relatively unchanged content of the behavior can continue automatically in a wide range of 
ways, it should be noted that rapid change is a defining feature of the technology market 
when it comes to technology and consumers. Therefore, in a world of technology that 
surrounds the consumer with changes rather than a fixed technological environment, the 
emphasis can be placed on the development of designs and applications by accepting the 
existence of a consumer structure accustomed to rapid changes. 

IoT technologies should be able to offer features that fulfill the promised ease of use to 
the consumer in the future. The consumer believes they are in control through their 
knowledge and relatively positive experiences and think that the use of IoT technologies will 
not be a problem for them at this point. Users believe that they will get more pleasure with 
the use of IoT technologies as a result of this sense of control and this increases their belief 
that they can habitualize the use of these technologies. In this relationship where trust is a 
mediator, it is important to develop designs and applications that will not break consumers’ 
confidence and trust in the ease of use of these technologies.  

It is understood that security and privacy issues constitute an obstacle to the adoption of 
IoT technologies. In this context, data security should be central to IoT technologies. 
Companies need to be clear to the consumer about data security, privacy, and data usage 
policies. It should be noted that security and privacy issues will play an important role in 
consumer purchasing decisions and maintaining a user base. 

6.3. Limitations and future research directions 

The sample of the study is limited to the students of the Faculty of Economics and 
Administrative Sciences who are in the 3rd semester and above. Due to the high homogeneity 
of the sample, the results cannot be interpreted based on different income groups and ages. 
Facilitating conditions and price value which are two of the UTAUT 2 variables have not been 
used in this study because of the lack of existing infrastructure of IoT technology, which is 
presented to consumers in a very limited framework of this technology and therefore, it is not 
possible to adapt the scale items of these two variables to the consumer. Also, discomfort and 
insecurity variables which are two of the Technology Readiness Index sub-dimensions were 
not included in the study due to the lack of correlations with other variables in the model. 
Although young people are considered to be the most important adopters of IoT technologies 
in the future, inferences cannot be made regarding whether the results will change in other 
age groups. 

One of the results that may be considered particularly interesting is that performance 
expectation has a low effect on behavioral intention compared to other variables. Venkatesh 
et al. (2003) stated that performance expectation was the most important predictor in their 
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organizational studies. However, according to Davis et al. (1989), the question of the extent to 
which organizational users are affected by their superiors in terms of their acceptance of 
technology raises questions. Therefore, since the performance expectancy refers to the total 
perceived benefit for the use of new technology, perhaps it will be healthier to identify the 
factors affecting this variable. 

In this study, it was found that habit is the most important determinant of behavioral 
intention. At this point, the relationship between habit and trust, hedonic motivation, 
optimism, and innovativeness shows that a suitable model is formed as a theoretical 
foundation. While habit is a prominent concept in determining behavioral intention, it is 
necessary to examine in detail the relationship between predictors and variables. In this 
context, simpler models may be expected from future research. In the study, if all the paths 
are run on the model, the definition of the relationship networks and the behavioral 
intentions of these relationships as expected shows how complex the structure actually is. 
Therefore, developing these relationships further is recommended for providing guidance for 
future studies and to use them in different contexts or directly for the acceptance of certain 
products. 
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