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This study investigates consumer acceptance of a portable Wi-Fi system application in 

Indonesia by integrating the Unified Theory of Acceptance and Use of Technology 

(UTAUT) and Task-Technology Fit (TTF) models. Structural Equation Modeling (SEM) 

of data from 168 users was employed. The core findings reveal a significant theoretical 

deviation: the primary UTAUT constructs—Performance Expectancy (PE), Effort 

Expectancy (EE), and Social Influence (SI)—did not significantly affect behavioral 

intention. Task Characteristics (TAC) were also non-significant. Adoption was driven 

solely by Facilitating Conditions (FC). Within the integrated framework, Technology 

Characteristics (TEC) significantly influenced EE and TTF. The results conclude that for 

this utility-based application, acceptance hinges exclusively on foundational support 

infrastructure, not on performance perceptions, ease of use, or SI. This offers a critical 

theoretical refinement and a decisive practical focus for service providers and developers. 
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1. INTRODUCTION

Industry 4.0 is driving most industrial aspects to innovate 

and provide easier solutions through products or services. For 

example, communications service providers (CSPs) are now 

offering digital services and the Internet of Things, rather than 

just traditional communication services like voice and SMS 

[1]. Digital providers make it easier for society to access 

various things in this digital era [2]. To provide better service 

to customers, CSP is now developing a new product that 

allows people to enjoy internet connectivity anywhere, 

anytime, namely portable Wi-Fi. Portable Wi-Fi is a device 

that lets anyone connect to the internet easily and quickly. 

Even though the technology behind smartphones and 

portable Wi-Fi is quite similar, portable Wi-Fi offers higher 

bandwidth and can be purchased through apps at a competitive 

price. This application system can be downloaded through the 

Google Play Store or App Store and provides diverse services, 

including modem settings, setup, website filtering, and mobile 

data purchasing. Despite the availability of the application 

system, User Adoption (UA) has been challenging. According 

to the CSP’s annual report, the number of application users 

increased to 403,372 as of January 2022, but 35% of hard 

complaints were due to application service problems, often 

involving bugs and other issues. Customers frequently 

experience confusion when using the application system, 

which forces them to deal with customer service issues caused 

by top-up failures and mobile data activation. This creates a 

significant trust issue for CSP as an internet service provider. 

Thus, understanding the factors that impact user acceptance 

and adoption of this application system is crucial. 

To proactively design interventions (such as training, 

socialization, etc.) targeted at user populations that may be less 

inclined to adopt and use the new system, managers can use 

the Unified Theory of Acceptance and Use of Technology 

(UTAUT) as a helpful tool to assess the likelihood of a 

successful introduction of a new technology and to better 

understand the drivers of acceptance [3]. UTAUT, as the 

extension of the Technological Acceptance Model (TAM), not 

only explores intentions towards technological advancement 

but also examines subsequent behavior [4].  

Meanwhile, Task-Technology Fit (TTF) theory posits that 

information technology is more likely to enhance an 

individual's work performance when the IT's functionality 

aligns with the user's task requirements [5, 6]. The 

technology’s capability to facilitate the task implies that its 

features enable efficient execution, lower costs, or simplified 

completion [7]. The qualities and knowledge of application 

users that influence the relationship between TTF and the use 

of information systems, as reflected in end-user satisfaction 

evaluation criteria, are commonly studied using TTF [8, 9]. 

UTAUT is the most comprehensive model for explaining 

technology acceptance, reflecting users' perceptions of 

technology, such as performance and effort expectations [10]. 

Meanwhile, TTF evaluates the fit between tasks and 

technology [5]. A conceptual model was employed to measure 

the relationships among variables to identify these factors, 

combining UTAUT and TTF. This combination of both 

approaches was chosen because it is thought to be able to 

explain how the system is evaluated from the viewpoint of the 
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user, which includes the user’s acceptance of the technology 

and the tasks that need to be completed, the expected 

performance, the expected ease of use, Social Influence (SI), 

and the state of the facilities to support the system’s 

implementation. Thus, the research will identify the variables 

affecting the application's adoption, which will be used to 

improve and develop the application. 

 

 

2. LITERATURE REVIEW 

 

2.1 Unified Theory of Acceptance and Use of Technology 

and Task-Technology Fit model 

 

Four primary elements impact the adoption and use of 

information technology by users: Performance Expectancy 

(PE), Effort Expectancy (EE), SI, and Facilitating Conditions 

(FC) [10, 11]. According to UTAUT, SI, PE, EE, and FC can 

all affect a technology's acceptability [12]. 

TTF consists of two exogenous variables, Technology 

Characteristics (TEC) and Task Characteristics (TAC), and 

one endogenous variable. The TTF model shows how 

compatibility between a task and a technology affects user 

acceptance of information systems such as internet services 

and cellular technology. TEC and TAC are two variables that 

influence TTF. TTF can show how compatibility between 

tasks and technology affects user acceptance of information 

systems, such as internet services and cellular technology. If a 

task exceeds the technology's capabilities or the technology 

lacks the necessary functions to complete it, compatibility 

between the task and the technology will decrease [13]. 

The UTAUT and TTF approaches are employed in this 

study to identify variables and indicators that can be improved 

to enhance service quality and address issues in the 

application. The UTAUT model focuses on user perceptions 

of technology, while TTF focuses on user acceptance from a 

TTF perspective. Technology adoption is not determined 

solely by users’ perceptions of usefulness and ease of use, as 

emphasized in the UTAUT model, but also by the degree of fit 

between TEC and users’ task requirements. Zhou et al. [10] 

demonstrate that TTF plays a critical role in shaping PE and 

EE, which are core constructs of UTAUT. When a technology 

aligns well with users’ tasks, users are more likely to perceive 

it as valuable and easy to use, thereby increasing the likelihood 

of adoption. Conversely, even technologically advanced 

systems may fail to be adopted if they do not adequately 

support users’ task needs. Integrating UTAUT and TTF, 

therefore, provides a more comprehensive framework by 

combining perceptual and functional perspectives. It has been 

shown to offer stronger explanatory power for technology 

adoption than either model used independently. 

   

 

 

 
 

Figure 1. UTAUT and TTF conceptual model 

 

Moreover, the UTAUT and TTF models have been applied 

in higher education, healthcare, and consumer contexts. In 

higher education, the UTAUT model has been widely used, 

focusing on technologies such as mobile learning tools and 
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learning management systems. Studies indicate that PE is a 

significant predictor of behavioral intention [14-16]. However, 

the integration of TTF with UTAUT in educational settings 

remains underexplored, suggesting a gap in understanding 

how TTF influences technology acceptance in these contexts 

[17, 18].  

On the other hand, in healthcare and consumer contexts, 

UTAUT2, an extension of UTAUT, has been applied, 

incorporating constructs such as hedonic motivation and price 

value [19, 20]. The integration of TTF in these contexts has 

shown that task characteristics and TEC significantly 

influence UA [21, 22]. 

 

2.2 Research model 

 

In this study, an analytical model based on the model 

developed by Zhou et al. [10] was employed. The integration 

of the UTAUT and TTF models was deemed suitable for 

evaluating the acceptance of recent technology, considering 

existing problems. The variables used in this study are aligned 

with the research questions and are depicted comprehensively 

in Figure 1. 

In this study, ten hypotheses were developed based on the 

conceptual model shown in Figure 1 to examine relationships 

among eight variables. The hypotheses are determined as 

follows. Compatibility between technology and tasks will 

drive UA. Conversely, incompatibility between technology 

and tasks will discourage UA [7, 23]. For instance, even 

though mobile banking is always accessible, users who do not 

require mobile transactions would opt for traditional banking 

services instead. Previous research has demonstrated the effect 

of TTF on the usage of the Knowledge Management System 

(KMS) [23]. Later studies also found that the interaction 

between tasks and technology affects users' blog use [24] and 

that the compatibility between tasks and technology affects 

users' use of information technology [25]. Based on these 

findings, this study proposes the following hypotheses: H1, 

H2, and H3. 

The concept of PE is similar to perceived usefulness in the 

Technology Acceptance Model (TAM) and to relative 

advantage in the Innovation Diffusion Theory (IDT). It reflects 

users' perception that using a service system will improve their 

performance and make it faster and more effective. Previous 

studies have shown that PE affects UA and behavioral 

intention [26, 27]. Hence, the study proposes hypothesis H4. 

EE refers to the user's perception of the ease of use of a 

service system and is equivalent to the perceived ease of use 

in the TAM/TAM2 model and complexity in the IDT model 

[11]. This factor represents how challenging it is for the user 

to operate the system. UTAUT posits that EE positively affects 

PE [11], meaning that when a user perceives a service system 

as effortless and straightforward to use, they have higher 

expectations for its performance. On the other hand, if a 

system is perceived as demanding or complicated, the user's 

performance expectations will be low. Previous studies have 

shown that EE can significantly impact UA in health 

information systems [28, 29]. This study, therefore, proposes 

hypotheses H5 and H6 to further explore this relationship. 

SI is comparable to the subjective norm in the TRA model 

[11]. It refers to the impact of external factors, such as the 

opinions of friends, family, and superiors, on user behavior 

[30]. External factors can affect the adoption and utilization of 

a service system [31]. Previous studies on mobile banking 

have demonstrated the significant impact of SI on behavioral 

intention, including a study in Portugal [32]. Based on these 

findings, this study proposes hypothesis H7. 

FC, in the TPB model, refer to perceived behavioral control 

and encompass the user's capabilities, knowledge, and 

resources [11]. Adoption and use of a new service system, 

such as portable Wi-Fi, requires specific skills, including 

setting up and using a mobile phone to connect to the modem 

and accessing financial resources. Users who lack the 

necessary operational skills or financial means may not adopt 

or use the system. For instance, the adoption rate of mobile 

payments increases when the operational infrastructure is in 

place and promotes its use [32]. Based on these findings, this 

study proposes hypothesis H8. 

The TEC of the portable Wi-Fi system will impact EE. The 

application's benefits, such as ease of use and convenience, 

will simplify the setup process and reduce the time and effort 

required of users. Additionally, compared to traditional home 

internet, the portable Wi-Fi system has a more straightforward, 

more user-friendly interface, making it easier to use. These 

advantages will affect the user's perception of the effort 

required to use the system. The compatibility between the 

technology and tasks will also influence PE [25]. For instance, 

if a user's task requires fast, convenient, and accessible 

payments, they will view mobile banking as applicable and see 

an improvement in their performance. Conversely, they may 

adopt alternative technologies such as the internet or 

traditional banking services. Based on these findings, this 

study proposes hypotheses H9 and H10. 

The hypotheses proposed in this study are as follows: 

H1. TAC significantly influenced TTF.  

H2. TAC of the portable Wi-Fi application service play 

a crucial role in determining the TTF. 

H3. TTF significantly affects UA of portable Wi-Fi 

application services. 

H4. PE significantly influences UA of the portable Wi-

Fi application service. 

H5. EE significantly influences UA of the portable Wi-

Fi application service.  

H6. EE significantly influences PE. 

H7. SI significantly influences UA of the portable Wi-

Fi application service. 

H8. FC significantly influence UA of the portable Wi-

Fi application service. 

H9. TEC significantly influenced the user's EE. 

H10. TTF significantly influences the user's PE. 

 

 

3. METHODOLOGY 

 

This study used survey methods, including online 

questionnaires, to collect primary data from a sample of 

customers who used portable Wi-Fi applications [33]. The 

sample was selected to accurately reflect various aspects of the 

population of portable Wi-Fi users [34]. The sample size for 

Structural Equation Modeling (SEM) analysis was determined 

by multiplying the number of indicators (26) by five, yielding 

a minimum sample size of 130 respondents [35]. This 

minimum sample size aligns with established standards, as 

studies have shown that a minimum sample size of 100 is 

suitable for analysis [36]. 

According to the research model in Figure 1, the research 

variables and their respective indicators were identified. Table 

1 displays the variables and indicators utilized in this study. 
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Table 1. Variables dan indicators 

 

Variable 
Variable  

Code 
Indicator Code 

User Adoption USE 

I frequently utilize the company's app service to manage my Wi-Fi devices. USE1 

I extensively use the company's application services to top up my data quota. USE2 

I often utilize company app services to monitor my data consumption. USE3 

Task-Technology Fit TTF 

I find the company's app service adequate for setting up my Wi-Fi. TTF1 

I find the app service function from the company suitable for setting up my Wi-Fi. TTF2 

The company's service functions satisfy my needs. TTF3 

Effort Expectancy EE 

Navigating the application services from the company is easy for me. EE1 

I feel satisfied because the app service provided to be user-friendly. EE2 

I found it easy to learn how to use the services offered by company apps. EE3 

I find the interaction with the company's app service clear and easily understandable. EE4 

Performance 

Expectancy 
PE 

I find the services offered by the company to be extremely useful. PE1 

The company's services make it easier for me to access the internet. PE2 

The company's services enhance my comfort in using the internet. PE3 

The company's service enables quicker access to the internet. PE4 

Social Influence SI 

The individuals who have an impact on my behavior encourage me to utilize the services 

provided by the company. 
SI1 

People who are important to me think I should use the company's services. SI2 

Reviews on social media influenced my decision to use the company's services. SI3 

Facilitating Conditions FC 

I have access to the necessary resources required to utilize the services offered by the 

company. 
FC1 

I have the necessary knowledge to use the app. FC2 

If I face any difficulties in using the app, experts will be available to assist me. FC3 

Technology 

Characteristics 
TEC 

The company's services are widely available. TEC1 

The company provides real-time services. TEC2 

The company provides safe and reliable services. TEC3 

Task Characteristics TAC 

I need to be able to manage my Wi-Fi devices at any time and place. TAC1 

I need to be able to top up my quota at any time and location. TAC2 

I require real-time access to device and account information anytime and anywhere. TAC3 

 

 

4. RESULT AND DISCUSSION 

 

The questionnaire sample size was 168 participants. The 

demographics of the respondents, including age, gender, 

occupation, and usage duration, are summarized in Table 2. 

The data have been evaluated and confirmed as valid and 

reliable. 

A path diagram of the overall model was constructed, 

including the variables and indicators for each. The path 

diagram is shown in Figure 2. The data used in the model were 

evaluated for validity and reliability, and it was determined 

that all latent variables were valid and reliable. 

 

 
 

Figure 2. Path diagram
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Table 2. Characteristic of respondents 

 

Characteristic Category Total Percentage 

Age 19 – 26 years old 44 26.19% 

27 – 42 years old 86 51.19% 

43 – 57 years old 38 23.62% 

Gender Male 91 54.17% 

Female 77 45.83% 

Profession Student 22 13.10% 

Private sector 27 16.07% 

Government employee 23 13.69% 

Self-employed 34 20.24% 

Military/Police  15 8.93% 

BUMN employee 47 27.98% 

Usage Duration < 7 days 28 16.67% 

< 1 month 16 9.52% 

1 – 6 months 53 31.55% 

6 – 12 months 39 23.21% 

> 1 year 32 19.05% 

The significance of the indicators in the model was 

evaluated, and any non-significant indicators were identified. 

The model data were assessed based on the loading factor. 

Table 3 shows that all indicators had loading factors greater 

than 0.5, indicating that the model can proceed to the next 

stage. 

In the next phase, construct reliability (CR), average 

variance extracted (AVE), and discriminant validity tests were 

conducted, and the results are displayed in Table 4. All 

variables had CR values greater than 0.5, indicating high 

reliability of the constructs or indicators. If the AVE value is 

above 0.5, the indicators have a low error rate in representing 

the variable. Table 4 shows that only the SI variable has an 

AVE below 0.5, indicating a low correlation among its 

indicators. The indicators for the other variables show high 

correlation. The discriminant validity value for the exogenous 

variables was high, indicating that the constructs are distinct 

and effectively measure the variables. The discriminant 

validity of the exogenous variables was higher than the 

correlation factor loadings between them, demonstrating that 

the exogenous variables truly capture the phenomenon being 

measured. 

Prior methodological studies [37, 38] suggest that 

convergent validity can still be acceptable when indicator 

loadings are significant, and CR values are close to or exceed 

0.60, even if AVE is marginally below 0.50. In this study, most 

indicators exhibit acceptable and significant loadings, and the 

model is examined in a context-specific, exploratory setting 

where user tasks and perceptions are homogeneous, which 

may reduce measurement-level variance. Therefore, despite 

these limitations, the measurement model is considered 

adequate for interpreting the structural relationships. 

Additionally, hypothesis testing was performed using the 

bootstrap technique with 500 bootstrap samples and a 95% 

Bias-Corrected Confidence Interval. The hypothesis is not 

rejected if the upper and lower bounds are of the same sign, 

either positive or negative, and the P value is less than 0.05 

[39]. The hypotheses were evaluated using AMOS software 

and were as follows: 

(1) H0: λ1 = 0 (Significant influence)  

(2) H1: λ1 ≠ 0 (Insignificant Influence)  

The results of the hypothesis test using AMOS software are 

shown in Table 5. 

According to Table 5, five hypotheses were rejected, H1, 

H3, H4, H5, and H10, because the upper and lower bounds 

were of different signs, and the resulting P value was more 

significant than 0.05 (P > 0.05). The processed data model is 

shown in Figure 3, where red lines indicate rejected 

hypotheses and blue lines indicate accepted hypotheses. 

 

Table 3. Model data processing results 

 

Dependent 

Variable 
 

Independent 

Variable 
Estimate 

TTF ← TEC 0.909 

TTF ← TAC 0.651 

EE ← TEC 1.308 

PE ← TTF 0.678 

PE ← EE 0.740 

USE ← TTF 0.992 

USE ← SI 1.496 

USE ← FC 1.025 

USE ← EE 0.925 

USE ← PE 1.723 

USE1 ← USE 0.539 

USE2 ← USE 0.508 

USE3 ← USE 0.595 

SI1 ← SI 0.610 

SI2 ← SI 0.646 

SI3 ← SI 0.569 

FC1 ← FC 0.504 

FC2 ← FC 0.524 

FC3 ← FC 0.622 

EE1 ← EE 0.596 

EE2 ← EE 0.693 

EE3 ← EE 0.583 

EE4 ← EE 0.528 

PE1 ← PE 0.662 

PE2 ← PE 0.600 

PE3 ← PE 0.503 

PE4 ← PE 0.543 

TTF1 ← TTF 0.635 

TTF2 ← TTF 0.772 

TTF3 ← TTF 0.641 

TEC1 ← TEC 0.608 

TEC2 ← TEC 0.573 

TEC3 ← TEC 0.525 

TAC1 ← TAC 0.543 

TAC2 ← TAC 0.541 

TAC3 ← TAC 0.507 

 

Table 4. Reliability and average variance extracted tests 

 

Variable 
Discriminant 

Validity 

Reliability Test 

CR AVE 

USE - 0.562 0.549 

EE - 0.693 0.632 

PE - 0.667 0.519 

TTF - 0.725 0.613 

SI 0.609 0.638 0.371 

FC 0.810 0.522 0.656 

TEC 0.740 0.590 0.547 

TAC 0.736 0.540 0.542 

 

The model shows that the FC and SI variables influence 

UA. FC represent the user's perceived resources, while SI 

reflects the environmental impact on the use of service 

systems. 

Based on the hypothesis-testing results in Figure 3, TEC 

significantly influence TTF, which, in turn, enhances research 

procedures but may not directly improve research performance 
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[40]. This suggests that while aligning technology with tasks 

can streamline processes, it does not always translate into 

improved performance outcomes. TAC also play a crucial role 

in determining TTF, emphasizing the importance of both the 

nature of the task and the technology used [40, 41]. 

EE, which refers to the ease of using technology, 

significantly affects PE and FC. This is consistent with 

findings that usability boosts user intentions and performance 

expectations [40-42]. EE has also been shown to positively 

affect behavioral intention, underscoring the importance of 

user-friendly technology in promoting adoption [40, 43, 44]. 

SI is a critical factor in technology adoption, affecting user 

behavior through peer and social norms [40, 45, 46]. This 

influence is decisive in environments where social interactions 

are prominent, such as social networks or collaborative 

settings [47, 48]. The role of SI varies with the observability 

of the technology and the adoption rate among peers, 

indicating that visible, widely adopted technologies are more 

likely to be adopted under social pressure [47, 49]. 

 

Table 5. Hypothesis test 

 
Hypothesis Structural Path Std. β SE CR (T-Value) P-Value 95% BCa CI Conclusion 

H1 TAC → TTF −0.38 0.29 −1.37 0.170 [−0.941, 0.178] Rejected 

H2 TEC → TTF 0.71 0.32 2.27 0.023 [0.504, 1.458] Accepted 

H3 TTF → UA 0.12 0.13 0.90 0.367 [−1.671, 2.197] Rejected 

H4 EE → UA 0.41 0.25 1.65 0.098 [−0.309, 0.806] Rejected 

H5 PE → UA 0.29 0.26 1.08 0.277 [−16.391, 3.200] Rejected 

H6 TEC → EE 0.62 0.24 2.58 0.010 [1.216, 10.253] Accepted 

H7 TAC → EE −0.54 0.26 −2.10 0.036 [−4.471, −0.174] Accepted 

H8 EE → PE 0.66 0.23 2.89 0.004 [0.457, 3.680] Accepted 

H9 SI → UA 0.59 0.21 2.77 0.006 [0.098, 0.680] Accepted 

H10 FC → UA 0.18 0.14 1.31 0.188 [−0.188, 0.966] Rejected 

 

 
 

Figure 3. Model based on hypothesis testing results 

 

In summary, TEC and TAC significantly influence TTF, 

which enhances research procedures but not necessarily 

performance [40, 41]. EE impacts PE and FC, emphasizing the 

role of usability in technology adoption [40, 42, 43]. SI plays 

a crucial role in user adoption, with its impact varying 

depending on observability and peers' adoption rates [47-49]. 

The integration of the UTAUT and TTF models offers a more 

holistic view of technology adoption, addressing both user 

perceptions and task alignment [22, 42, 50]. 

Despite support for hypothesized relationships, multiple 

paths were found to be insignificant in this study. H1 was not 

supported, indicating that TAC does not significantly 

influence TTF. This result suggests that users’ tasks are 

homogeneous and routine, limiting the variability needed to 

shape perceptions of task–technology alignment. In such 

contexts, users tend to evaluate technology fit in a generalized 

manner rather than based on specific task differences. This 

finding contrasts with prior studies conducted in environments 

with more complex and diverse task structures. 

H3 was rejected, indicating that PE does not significantly 

affect UA. This suggests that adoption is not driven by 

perceived performance improvement but rather by functional 

necessity. In the context of a utility-oriented and semi-

mandatory application, users adopt the system to fulfill basic 

service needs rather than to enhance productivity. 

Consequently, performance-related perceptions become less 
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influential in adoption decisions. 

H4 was not supported, indicating that EE does not 

significantly influence UA. This result implies that ease of use 

is not a decisive factor, as users continue to use the application 

regardless of perceived simplicity. Given the standardized and 

familiar nature of digital interfaces, variations in perceived 

effort are minimal. As a result, EE does not play a critical role 

in adoption behavior. 

H5 was rejected, suggesting that SI does not significantly 

affect UA. This indicates that adoption decisions are primarily 

individual and driven by personal or functional needs rather 

than social pressure or peer recommendations. The 

application’s usage is primarily task-oriented rather than 

socially embedded. Therefore, SI becomes less relevant in this 

context. 

H10 was not supported, indicating that TTF does not 

significantly influence PE. Although the technology may align 

with users’ tasks, this alignment is perceived as a basic 

requirement rather than a source of performance enhancement. 

In routine and utility-based applications, TTF ensures usability 

but does not necessarily translate into perceived performance 

gains. Consequently, its effect on PE becomes insignificant. 

After identifying the variables that influence the adoption of 

this portable Wi-Fi application, an analysis was performed on 

the current conditions associated with these variables. 

Previous research consistently shows that FC significantly 

affect UA across contexts, including infrastructure and 

resources, support systems, and ease of use. The availability 

of necessary infrastructure, such as internet access and mobile 

devices, is crucial for technology adoption. For instance, on 

online learning platforms, the availability of resources such as 

internet access and mobile devices significantly influences UA 

and persistence [51]. 

Moreover, adequate training and support systems are vital. 

In the context of AI-generated content design tools, FC were 

significant predictors of both behavioral intention and 

creativity outcomes [52]. Providing robust support systems 

can enhance UA and performance. FC also affect users' 

perceptions of ease of use and self-efficacy, which, in turn, 

shape their attitudes toward technology. For example, in 

educational settings, FC significantly influenced computer 

self-efficacy and perceived ease of use, which are critical for 

technology adoption [53]. 

Previous research also highlights various key points linking 

the variable SI to UA, including peer and social norms, 

technology anxiety, and cultural context. SI plays a significant 

role in shaping behavioral intentions. For example, in the 

adoption of healthcare devices, social impact has been found 

to significantly affect user attitudes and trust, which, in turn, 

influences behavioral intention [54]. 

Meanwhile, users with higher levels of technology anxiety 

rely more on SI when adopting recent technologies. This was 

evident in mobile shopping adoption, where users with high 

technology anxiety depended more on SI compared to those 

with low anxiety [55]. Social and cultural factors, including 

perceived credibility and exclusiveness, also influence 

technology adoption. In Ghana, SI and FC were significant 

predictors of mobile banking adoption [56]. 

Based on the linkage between the FC, SI, and UA, the 

practical recommendations are proposed. The company 

currently provides features related to the FC variable, 

including the service system server, Frequently Asked 

Questions (FAQ), and Customer Care features. However, 

these features still have shortcomings. Thus, it is 

recommended that robust infrastructure and support systems 

be ensured. Investing in high-quality servers will provide 

reliable and fast access to technology. This aligns with the 

importance of infrastructure in FC [51]. In addition, 

implement comprehensive support systems to help users 

navigate recent technologies, improving ease of use and self-

efficacy [52, 53]. 

In accordance with the previous research, it is 

recommended to enhance and improve the performance of the 

service server by: 

(1) Regularly inspecting the system for bugs that may 

affect service performance. If left unaddressed, these 

bugs can cause inconvenience for users, such as the 

display turning black during critical moments when the 

portable Wi-Fi application is needed. 

(2) Creating a separate or backup server to manage multiple 

activities or tasks in the service system to avoid server 

overload. Implementing load balancing can also 

prevent server overload. 

 

 
 

Figure 4. Wireframe display for new chatbot features and 

user interface 

 

Other considerations for improving this application include 

incorporating chatbots and enhancing the user interface design 

to better assist users. Deploying chatbots will provide 

immediate assistance and support, address user queries, and 

reduce technology anxiety [55]. Use chatbots to streamline 

user interactions, making technology more accessible and 

user-friendly, which is crucial for adoption [51, 53]. After 

consulting with the company, creating a wireframe based on 

user evaluations, and incorporating best practices, a new 

chatbot feature and user interface design were developed, as 

depicted in Figure 4. Chatbot technology holds the potential to 

enhance service and boost customer engagement [57]. 

Furthermore, recommendations are provided based on the 

SI perspective regarding the company's current complaint-

handling condition. 

(1) Creating a guidebook on the conversational opening 

sequence with users, along with procedures for 

fostering good conversations to help solve their 

problems without escalating them to higher levels, will 

help shorten response times and reduce wait times for 

users. 

(2) Implementing a monthly "product refresh 

meeting/class" to continually familiarize employees 

with the company's offerings, thus ensuring the prompt 

and proper handling of user inquiries. 

Furthermore, partnering with influencers can shape positive 

perceptions and norms around recent technologies. Influencers 

can play a pivotal role in reducing technology anxiety and 

increasing trust [54, 55]. Ensure that influencer collaborations 
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are also culturally relevant and credible to maximize their 

impact on UA [56]. 

Collaborating with influential figures, such as social media 

influencers or celebrities, through endorsement services or 

digital content creation can enhance marketing efforts and 

increase user acceptance and adoption of application service 

systems. This leverages the customers' tendency to be 

influenced by others, providing a wider reach and added 

benefits and security. 

Recognizing that service systems play a crucial role in UA, 

this study has implications for service providers, technology 

developers, and policymakers. Firstly, service provider 

companies must thoroughly evaluate their current service 

systems, understand their functionality and limitations, and 

communicate these to both current and potential users. They 

must also promote the advantages and security offered by their 

innovative technology to increase user acceptance and 

adoption. To do this, they must assure users that their 

information is safe and secure and leverage social media to 

communicate the features of their service. 

Secondly, the service system must be redesigned to improve 

the application interface and user involvement to encourage 

further adoption. The redesign should include adding new 

chatbot features and considering the internet infrastructure and 

connectivity. The interface should be improved to address 

users' different capacities and literacy levels, and the service 

system should be more responsive to user queries by hiring 

additional support staff or enhancing the system's capabilities 

to reduce the need for human intervention. 

Thirdly, companies must proactively understand which 

technologies meet user needs and gradually integrate recent 

technologies while recognizing the drawbacks or limitations 

of existing technologies. They should invest in a service 

system with an attractive, responsive user interface that 

satisfies user expectations. 

Finally, users will continue to adapt to new technological 

innovations and advancements. Thus, companies must be 

prepared to stay ahead of the curve by keeping abreast of user 

needs and updating their service systems accordingly. 

 

 

4. CONCLUSIONS 

 

The study found that the TTF model can be integrated with 

the UTAUT model. The TTF model examines how users affect 

the EE, PE, and UA of the service system. This study utilized 

26 valid research indicators. The study's results indicated that 

the variables in the UTAUT and TTF models mutually 

influence one another. This relationship between variables 

showed that multiple variables affect the endogenous 

variables, as demonstrated by the bootstrap hypothesis-testing 

results. The findings from the data processing showed that the 

TEC variable affects TTF and EE; the EE variable affects PE 

and FC; and SI affects UA. 

This study suggests multiple recommendations to the 

company to improve the FC, SI, and UA of their service 

system. Seven strategies are proposed to enhance the service 

system's effectiveness and usefulness, thereby increasing user 

acceptance and adoption of portable Wi-Fi applications. These 

strategies include maintaining and upgrading the company's 

service servers, enhancing the user interface, implementing a 

comprehensive complaint-handling program for customer 

support, improving the responsiveness of customer care, and 

conducting promotional and marketing campaigns in 

collaboration with influencers to boost customer adoption of 

portable Wi-Fi applications. 

 

 

REFERENCES  

 

[1] Valdez-de-Leon, O. (2016). A digital maturity model for 

telecommunications service providers. Technology 

Innovation Management Review, 6(8): 19-32. 

https://doi.org/10.22215/timreview/1008 

[2] Shofia, A., Bakhtiar, A., Prastawa, H. (2020). The impact 

of critical success factor of lean six sigma 

implementation towards the improvement of business 

performance on low-cost hotel industry: A literature 

review. AIP Conference Proceedings, 2217(1): 030072. 

https://doi.org/10.1063/5.0000707 

[3] Sedana, I.G.N., Wijaya, S.W. (2009). Penerapan model 

UTAUT untuk memahami penerimaan dan penggunaan 

learning management system studi kasus: Experential e-

learning of Sanata Dharma University. Jurnal Sistem 

Informasi, 5(2): 114-120. 

https://doi.org/10.21609/jsi.v5i2.271 

[4] Abbas, S.K., Hassan, H.A., Asif, J., Ahmed, B., Haider, 

S.S. (2018). Integration of TTF, UTAUT, and ITM for 

mobile banking adoption. International Journal of 

Advanced Engineering, Management and Science 

(IJAEMS), 4(5): 375-379. 

https://doi.org/10.22161/ijaems.4.5.6 

[5] Goodhue, D.L., Thompson, R.L. (1995). Task-

technology fit and individual performance. MIS 

Quarterly, 19(2): 213-236. 

https://doi.org/10.2307/249689 

[6] Dang, Y., Zhang, Y., Brown, S.A., Chen, H. (2020). 

Examining the impacts of mental workload and task-

technology fit on user acceptance of the social media 

search system. Information Systems Frontiers, 22(3): 

697-718. https://doi.org/10.1007/s10796-018-9879-y 

[7] Lee, C.C., Cheng, H.K., Cheng, H.H. (2007). An 

empirical study of mobile commerce in insurance 

industry: Task–technology fit and individual differences. 

Decision Support Systems, 43(1): 95-110. 

https://doi.org/10.1016/j.dss.2005.05.008 

[8] Rai, R.S., Selnes, F. (2019). Conceptualizing task-

technology fit and the effect on adoption–A case study of 

a digital textbook service. Information & Management, 

56(8): 103161. https://doi.org/10.1016/j.im.2019.04.004 

[9] Wanti, L.P., Insan, H.F.M., Prasetya, N.W.A. (2020). 

End user satisfaction for location health service 

application with analysis of task technology fit. Lontar 

Komputer Jurnal Ilmiah Teknologi Informasi, 11(2): 76-

87. https://doi.org/10.24843/LKJITI.2020.v11.i02.p02 

[10] Zhou, T., Lu, Y., Wang, B. (2010). Integrating TTF and 

UTAUT to explain mobile banking user adoption. 

Computers in Human Behavior, 26(4): 760-767. 

https://doi.org/10.1016/j.chb.2010.01.013 

[11] Venkatesh, V., Morris, M.G., Davis, G.B., Davis, F.D. 

(2003). User acceptance of information technology: 

Toward a unified view. MIS Quarterly, 27(3): 425-478. 

https://doi.org/10.2307/30036540 

[12] Gao, Y., Li, H., Luo, Y. (2015). An empirical study of 

wearable technology acceptance in healthcare. Industrial 

Management & Data Systems, 115(9): 1704-1723. 

https://doi.org/10.1108/IMDS-03-2015-0087 

[13] Wang, H., Tao, D., Yu, N., Qu, X. (2020). Understanding 

3320



consumer acceptance of healthcare wearable devices: An 

integrated model of UTAUT and TTF. International 

Journal of Medical Informatics, 139: 104156. 

https://doi.org/10.1016/j.ijmedinf.2020.104156 

[14] Xue, L., Rashid, A.M., Ouyang, S. (2024). The Unified

Theory of Acceptance and use of Technology (UTAUT)

in higher education: A systematic review. Sage Open,

14(1): 21582440241229570.

https://doi.org/10.1177/21582440241229570

[15] Or, C., Chapman, E. (2021). An extended Unified Theory

of Acceptance and Use of Technology Model for

education contexts. Journal of Applied Learning and

Teaching, 4(2): 98-109.

https://doi.org/10.37074/jalt.2021.4.2.7

[16] Oye, N.D., A. Iahad, N., Ab. Rahim, N. (2014). The

history of UTAUT model and its impact on ICT

acceptance and usage by academicians. Education and

Information Technologies, 19(1): 251-270.

https://doi.org/10.1007/s10639-012-9189-9

[17] Or, C.C.P. (2023). Towards an integrated model: Task-

Technology fit in Unified Theory of Acceptance and Use

of Technology 2 in education contexts. Journal of

Applied Learning and Teaching, 6(1): 151-163.

https://doi.org/10.37074/jalt.2023.6.1.8

[18] Chen, Y., Gacheri, H.F., Sun, G. (2024). Empirical

investigation of building information modelling (BIM)

staff’s impact on construction project performance:

Evidence in Kenya. Frontiers in Built Environment, 10:

1441604. https://doi.org/10.3389/fbuil.2024.1441604

[19] Venkatesh, V., Thong, J.Y., Xu, X. (2012). Consumer

acceptance and use of information technology:

Extending the unified theory of acceptance and use of

technology. MIS Quarterly, 36(1): 157-178.

https://doi.org/10.2307/41410412

[20] Alkhwaldi, A.F. (2022). Understanding the patients’

usage of contactless healthcare services: Evidence from

the post-COVID-19 era. In the Role of Digital

Technologies in Shaping the Post-Pandemic World, pp.

356-373. https://doi.org/10.1007/978-3-031-15342-6_28

[21] Shahbaz, M., Gao, C., Zhai, L., Shahzad, F., Khan, I.

(2021). Environmental air pollution management

system: Predicting user adoption behavior of big data

analytics. Technology in Society, 64: 101473.

https://doi.org/10.1016/j.techsoc.2020.101473

[22] Alkhwaldi, A.F., Alobidyeen, B., Abdulmuhsin, A.A.,

Al-Okaily, M. (2023). Investigating the antecedents of

HRIS adoption in public sector organizations: Integration

of UTAUT and TTF. International Journal of

Organizational Analysis, 31(7): 3251-3274.

https://doi.org/10.1108/IJOA-04-2022-3228

[23] Lin, T.C., Huang, C.C. (2008). Understanding

knowledge management system usage antecedents: An

integration of social cognitive theory and task technology

fit. Information & Management, 45(6): 410-417.

https://doi.org/10.1016/j.im.2008.06.004

[24] Shang, R.A., Chen, Y.C., Chen, C.M. (2007). Why

people blog? An empirical investigations of the task

technology fit model. In PACIS 2007 Proceedings, pp.

212-225.

[25] Dishaw, M.T., Strong, D.M. (1999). Extending the

technology acceptance model with task–technology fit

constructs. Information & Management, 36(1): 9-21.

https://doi.org/10.1016/S0378-7206(98)00101-3

[26] Carlsson, C., Carlsson, J., Hyvonen, K., Puhakainen, J.,

Walden, P. (2006). Adoption of mobile devices/services-

searching for answers with the UTAUT. In Proceedings 

of the 39th Annual Hawaii International Conference on 

System Sciences (HICSS'06), Kauai, HI, USA, pp. 132a-

132a. https://doi.org/10.1109/HICSS.2006.38 

[27] Park, J., Yang, S., Lehto, X. (2007). Adoption of mobile

technologies for Chinese consumers. Journal of

Electronic Commerce Research, 8(3): 196-206.

[28] Brandsma, T., Stoffers, J., Schrijver, I. (2020). Advanced

technology use by care professionals. International

Journal of Environmental Research and Public Health,

17(3): 742. https://doi.org/10.3390/ijerph17030742

[29] Sun, Y., Wang, N., Guo, X., Peng, Z. (2013).

Understanding the acceptance of mobile health services:

A comparison and integration of alternative models.

Journal of Electronic Commerce Research, 14(2): 183-

200.

[30] López-Nicolás, C., Molina-Castillo, F.J., Bouwman, H.

(2008). An assessment of advanced mobile services

acceptance: Contributions from TAM and diffusion

theory models. Information & Management, 45(6): 359-

364. https://doi.org/10.1016/j.im.2008.05.001

[31] Hong, S.J., Thong, J.Y., Moon, J.Y., Tam, K.Y. (2008).

Understanding the behavior of mobile data services

consumers. Information Systems Frontiers, 10(4): 431-

445. https://doi.org/10.1007/s10796-008-9096-1

[32] Oliveira, T., Faria, M., Thomas, M.A., Popovič, A.

(2014). Extending the understanding of mobile banking

adoption: When UTAUT meets TTF and ITM.

International Journal of Information Management, 34(5):

689-703.

https://doi.org/10.1016/j.ijinfomgt.2014.06.004

[33] Taherdoost, H. (2022). Designing a questionnaire for a

research paper: A comprehensive guide to design and

develop an effective questionnaire. Asian Journal of

Managerial Science, 11(1): 8-16.

https://doi.org/10.51983/ajms-2022.11.1.3087

[34] Obilor, E.I. (2023). Convenience and purposive sampling

techniques: Are they the same? International Journal of

Innovative Social & Science Education Research, 11(1):

1-7.

[35] Cheah, J.H., Amaro, S., Roldán, J.L. (2023). Multigroup

analysis of more than two groups in PLS-SEM: A review,

illustration, and recommendations. Journal of Business

Research, 156: 113539.

https://doi.org/10.1016/j.jbusres.2022.113539

[36] Hair, J.F., Black, W.C., Babin, B.J., Anderson, R.E.

(2010). Multivariate Data Analysis (7th ed). Upper

Saddle River, NJ: Prentice Hall.

[37] Fornell, C., Larcker, D.F. (1981). Evaluating structural

equation models with unobservable variables and

measurement error. Journal of Marketing Research,

18(1): 39-50. https://doi.org/10.2307/3151312

[38] Hair, J.F., Risher, J.J., Sarstedt, M., Ringle, C.M. (2019).

When to use and how to report the results of PLS-SEM.

European Business Review, 31(1): 2-24.

https://doi.org/10.1108/EBR-11-2018-0203

[39] Akhtar H. Berkenalan dengan Bootstrapping dalam

Statistik 2020.

https://www.semestapsikometrika.com/2020/03/berkena

lan-dengan-bootsrapping-dalam.html, accessed on

February 4, 2023.

[40] Doddanavar, I., Subramanyam, M.A., Dombar, V.,

Subramanyam, L., BR, L., HS, C. (2024). Exploring

3321



technology adoption measures among academicians and 

its influence on their research practices and performance. 

Journal of e-Learning and Knowledge Society, 20(3): 71-

82. https://doi.org/10.20368/1971-8829/1136038

[41] Bobby III, A.R., de Loyola, R.C., Escototo, E.R., Grecia,

J.N., Duazo, D.S., De Paula, E.G. (2025). Assessing the

determinants of GCash payment adoption among college

students: A combined approach using task-technology fit

and technology acceptance models. In 2025 International

Conference on Computational, Communication and

Information Technology (ICCCIT), Indore, India, pp.

916-921.

https://doi.org/10.1109/ICCCIT62592.2025.10927839

[42] Ojiaku, O.C., Ezenwafor, E.C., Osarenkhoe, A. (2024).

Integrating TTF and UTAUT models to illuminate

factors that influence consumers' intentions to adopt

financial technologies in an emerging country context.

International Journal of Technology Marketing, 18(1):

113-135. https://doi.org/10.1504/IJTMKT.2024.135674

[43] Tsai, L.L. (2021). Evaluating the effects of facilitating

conditions and usage experience on mobile payment.

International Journal of Information Systems in the

Service Sector (IJISSS), 13(4): 88-106.

https://doi.org/10.4018/IJISSS.2021100105

[44] Suhail, F., Adel, M., Al-Emran, M., AlQudah, A.A.

(2024). Are students ready for robots in higher

education? Examining the adoption of robots by

integrating UTAUT2 and TTF using a hybrid SEM-ANN

approach. Technology in Society, 77: 102524.

https://doi.org/10.1016/j.techsoc.2024.102524

[45] Graf-Vlachy, L., Buhtz, K., König, A. (2018). Social

influence in technology adoption: Taking stock and

moving forward. Management Review Quarterly, 68(1):

37-76. https://doi.org/10.1007/s11301-017-0133-3

[46] Graf-Vlachy, L., Buhtz, K. (2017). Social influence in

technology adoption research: A literature review and

research agenda. In Twenty-Fifth European Conference

on Information Systems (ECIS), Guimarães, Portugal.

[47] Das, S., Kramer, A.D., Dabbish, L.A., Hong, J.I. (2015).

The role of social influence in security feature adoption.

In Proceedings of the 18th ACM Conference on

Computer Supported Cooperative Work & Social

Computing, pp. 1416-1426.

https://doi.org/10.1145/2675133.2675225

[48] Bakshy, E., Karrer, B., Adamic, L.A. (2009). Social

influence and the diffusion of user-created content. In

Proceedings of the 10th ACM Conference on Electronic

Commerce, pp. 325-334.

https://doi.org/10.1145/1566374.1566421 

[49] Risselada, H., Verhoef, P.C., Bijmolt, T.H. (2014).

Dynamic effects of social influence and direct marketing

on the adoption of high-technology products. Journal of

Marketing, 78(2): 52-68.

https://doi.org/10.1509/jm.11.0592

[50] Cai, J., Li, Z., Dou, Y., Li, T. (2023). Investigating

adoption of high prefabrication level technologies for

enterprises: An integrated model. Building Research &

Information, 51(6): 648-666.

https://doi.org/10.1080/09613218.2023.2187748

[51] Ambarwati, R., Harja, Y.D., Thamrin, S. (2020). The role

of facilitating conditions and user habits: A case of

Indonesian online learning platform. The Journal of

Asian Finance, Economics and Business, 7(10): 481-489.

https://doi.org/10.13106/JAFEB.2020.VOL7.NO10.481

[52] Lin, H., Bian, Z., Fang, C., Xie, L. (2025). The impact of

technology acceptance and behavioral intention on

creativity outcomes in AIGC design tools. In

International Conference on Man-Machine-Environment

System Engineering, pp. 10-17.

https://doi.org/10.1007/978-981-95-1908-8_2

[53] Kumi, R., Reychav, I., Sabherwal, R. (2012). The impact

of facilitating conditions on anxiety, attitude, self-

efficacy, and performance: Insights from an empirical

study of iPad adoption. In Proceedings of the 2012 AIS

SIGED: IAIM International Conference on Information

Systems Education and Research.

[54] Kim, S., Zhong, Y., Wang, J., Kim, H.S. (2024).

Exploring technology acceptance of healthcare devices:

The moderating role of device type and generation.

Sensors, 24(24): 7921.

https://doi.org/10.3390/s24247921

[55] Yang, K., Forney, J.C. (2013). The moderating role of

consumer technology anxiety in mobile shopping

adoption: Differential effects of facilitating conditions

and social influences. Journal of Electronic Commerce

Research, 14(4): 334-347.

[56] Crabbe, M., Standing, C., Standing, S., Karjaluoto, H.

(2009). An adoption model for mobile banking in Ghana.

International Journal of Mobile Communications, 7(5):

515-543. https://doi.org/10.1504/IJMC.2009.024391

[57] Mogaji, E., Balakrishnan, J., Nwoba, A.C., Nguyen, N.P.

(2021). Emerging-market consumers’ interactions with

banking chatbots. Telematics and Informatics, 65:

101711. https://doi.org/10.1016/j.tele.2021.101711

3322




