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Abstract— This research endeavors to implement and evaluate an expanded version of the TAM by incorporating perceived risk and 

utilizing the consolidative framework of beliefs-attitude-intention. This approach aims to gain insights into and forecast consumers' 

inclination towards adopting EVs. This study delves into the various factors that impact the uptake of electric vehicles, employing a 

purposive sampling strategy to target individuals aged 17 and above with a valid driving license and owning EVs. After a rigorous 

screening process, 247 out of 400 responses were analyzed. The survey comprised two sections: the first gathering demographic and 

vehicle ownership details, and the second assessing six cognitive dimensions related to EV adoption, including PEOU, PEU, PER, ATU, 

and AIU to adopt EV technology. Utilizing SPSS and AMOS software for data examination, the study applied SEM analysis to 

investigate the relationships between these dimensions with Maximum Likelihood Estimation. The research identifies the significant 

impact of perceived risks on adoption intentions, emphasizing the need for strategies to mitigate these apprehensions, especially in 

emerging markets like Indonesia. The findings underscore the importance of holistic approaches in promoting EV adoption, which 

involve highlighting the benefits and addressing potential barriers and concerns that consumers may have. By effectively managing 

perceptions of usefulness, ease of use, and risks, stakeholders can work towards fostering a more positive attitude towards EV 

technology and ultimately encouraging greater adoption of sustainable transportation options. 
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I. INTRODUCTION

Greenhouse gases, such as carbon dioxide (CO2), pose a 

threat to public health and human well-being [1]–[3]. Human 

activities, especially the large-scale emission of greenhouse 

gases, are a vital reason for temperature change and global 

warming [4]–[6]. The primary source of carbon emissions is 

burning fossil oils in the energy and transportation sectors [7], 

[8]. Transportation, in particular, is a significant energy 

consumer, accounting for 29% of worldwide energy 

consumption and 65% of oil use [8]–[10]. This segment 

accounts for around 24% of global CO2 production from fuel 

burning [9]–[12]. Addressing carbon emissions from 
transportation is essential for mitigating environmental issues 

and tackling climate change [13]–[17]. Therefore, the 

prevalent implementation of renewable energy in 

transportation is crucial [18], [19]. 

The public's comprehension of electric vehicles (EVs) 

currently needs to be improved [20], [21]. While some 

individuals express interest in EVs, skepticism prevails 

among specific population segments, hindering widespread 
adoption [22], [23]. As subsidy policies gradually diminish to 

accelerate EV market penetration, there is an urgent need to 

explore new avenues for enhancing public understanding of 

EVs and fostering adoption. Consumer adoption intentions 

regarding EVs are multi-faceted and influenced by internal 

and external factors [24]. Previous research has delved into 

various factors shaping users' intentions to embrace EVs. 

These aspects encompass not only product characteristics 

such as price, performance, range, charging time, and 

convenience, as well as external circumstances like subsidy 

policies, fuel costs, charging expenses, and infrastructure 
availability [25], [26] but also mental aspects such as 

perceived risks, emotions, attitudes, social norms, and 

environmental consciousness [27]–[29]. 
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Several scholars have applied the TPB, Norm Activation 

Theory, or integrated frameworks to study how psychological 

factors affect user intentions to adopt EVs [25]. Given that 

EVs are an innovative and eco-friendly option with significant 

involvement, enhancing consumer acceptance involves 

opportunities for interaction, such as through widespread EV 

sharing, rental programs, and organized test drives by 

automobile dealers [27], [30]. These experiences offer direct 

access and driving experience, acting as marketing stimuli 

influencing consumer perceptions, attitudes, and adoption 
intentions. However, the impact of EV-driving experiences on 

user reasonings and insights and their implementation 

intentions has yet to be minimally explored and empirically 

assessed. 

The utilization of electric vehicles (EVs) in Indonesia has 

garnered significance in light of the escalating environmental 

concerns stemming from the widespread use of motorized 

two-wheeled vehicles, contributing to detrimental pollution 

levels detrimental to health and exacerbating issues such as 

weather patterns, temperature rise, and the depletion of 

Indonesia's oil reserves. The government's concerted efforts 
to promote EV adoption aim to incentivize users to transition 

towards and embrace electric vehicles. However, 

understanding consumer preferences and expectations 

regarding EVs is imperative, given their novelty within the 

Indonesian market. Consumers typically evaluate EVs based 

on several factors, including price, maintenance, durability, 

and the availability of supporting infrastructure [31]. Despite 

governmental initiatives, skepticism persists regarding 

Indonesia's electric vehicle program due to concerns 

surrounding battery range limitations [32]. Nevertheless, the 

substantial demand for vehicles in Indonesia indicates a 
promising market outlook, fostering the government's 

optimism towards the gradual acceptance of EVs. 

Contemporary sustainable transportation researchers use 

the cognitive theory-based TAM to understand user attitudes 

toward EVs and innovative technologies or eco-friendly 

products and services [33], [34]. The classic TAM framework, 

proposed by Davis (1989), has been criticized for focusing on 

positive cognitive views about technology qualities and 

disregarding users' negative impressions or resistance factors 

when forecasting usage behavior [35]. Incorporating 

perceived risk into attitude formation has received little 

attention in EV preferences research [36], which could inhibit 
EV adoption or vehicle technology dissemination [37]. While 

previous studies have examined the direct and optimistic 

effects of monetary incentives or subsidy policies on EV 

usage behavior, there has been little research into this critical 

external incentive as a potential mediator in EV 

implementation [38], leaving a gap in understanding this 

crucial mobility market stimulus. 

The limited scholarly inquiry has been dedicated to 

exploring variations or adaptations of the TAM, 

encompassing favorable and unfavorable psychological 

elements such as PEU, PEOU, and PER, alongside external 
factors like fiscal assistance, to anticipate user inclinations 

towards embracing EVs [38]. Interestingly, no research has 

explicitly investigated the moderating consequence of 

monetary incentive policies on the connection between 

attitudes toward EVs and adoption behaviors. Given the 

nascent phase of EV adoption, studies examining TAM and 

its extensions must be reviewed, incorporating optimistic and 

pessimistic assessments to comprehend and forecast 

consumer intentions concerning EV adoption in the emerging 

EVs marketplace. With the pressing topic of air 

contamination and pollution originating from the 

transportation segment, the potential solution of user EV 

implementation emerges as crucial within the sustainability-

focused transportation market. 

This empirical study uses an integrated 'beliefs-attitude-

intention' paradigm to add internal risk perceptions and 
external financial incentive schemes to the TAM. The goal is 

to understand user views about EV implementation and fill a 

research gap in the burgeoning sustainable transportation 

sector. The study uses route analysis in SEM to examine how 

PEU, simplicity of use, and risk affect EV attitudes and 

adoption intentions. It also explores how EV attitudes mediate 

adoption intentions and predictor variables. This study 

provides a theoretical basis supporting the research and 

formulating hypotheses to be tested. 

A. Extension of Technology Acceptance Model (TAM) 

TAM, first proposed by Davis (1989), is widely recognized 

as a leading paradigm for understanding consumer 

psychology regarding adopting new technology or goods 

within technology usage behavior [35]. TAM is built upon the 

'belief-attitude-intention' paradigm, which has been 

elaborated and refined drawing from foundational cognitive 

theories such as Fishbein and Ajzen's [39] develop TRA, 

Ajzen and Fishbein's [40] developed TPB, Bhattacharjee [41] 

develop Expectation-Confirmation Theory and Rational 

Choice Theory [42], [43]. 
This model posits that individuals' beliefs about a 

technology influence their attitudes and intentions, ultimately 

shaping their behavior towards its usage. TAM's foundation 

lies in understanding how PEU and PEOU of a technology 

impact individuals' attitudes and intentions to use it [35], [44], 

[45]. However, while TAM has proven effective in explaining 

positive technology acceptance, scholars have critiqued its 

limited focus on positive attributes and neglected negative 

perceptions, such as PER or resistance to change [46], [47]. 

 

 

Fig. 1  Research Conceptual 

 

An extended version of TAM has been proposed in 

response to these criticisms, incorporating additional factors 

such as PER alongside PEU and PEUO. This extended model 

offers a more inclusive thoughtful of technology adoption 
behavior, particularly in contexts such as the uptake of EVs in 

sustainable transportation [42], [48], [49]. Moreover, TAM's 

adaptability encompasses internal (e.g., individual 
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perceptions) and external factors (financial incentives, 

government policies, trust) influencing technology 

acceptance. The Technology Acceptance Model strengthens 

its explanatory capacity by comprehensively considering 

these factors, facilitating a deeper understanding and 

predicting technology adoption [50]. 

Therefore, this study integrates the pessimistic factor of 

PER alongside its core optimistic factors of PEU and PEOU 

within the context of the implementation behavior of EVs. 

Consequently, this analysis aims to explore the expansion of 
TAM with perceived risk and validate the causal relationship 

of “beliefs-attitude-intention” by utilizing structural equation 

modeling to examine hypothesized direct, mediating, and 

moderating pathways [51]–[55]. This endeavor contributes to 

the existing information concerning user mindset surrounding 

EV preference. 

Thus, the positive beliefs of PEU and PEOU and the 

negative beliefs of PER are assumed to influence attitudes 

towards EVs and adoption intention directly. Additionally, it 

is hypothesized that ATU EVs mediate between 

implementation intention and its predictor variables. This 
comprehensive investigation sheds light on the complex 

dynamics underlying consumers' decision-making processes 

regarding EV adoption, thus offering valuable insights for 

academia and industry. 

B. Perceived Ease of Use (PEOU) for Adoption Intention to 

Use Technology Electric Vehicles 

PEOU refers to users' subjective evaluation of the ease and 

comfort, both physically and mentally, associated with 

utilizing a specific technology. It represents a cognitive aspect 
that profoundly influences consumers' attitudes toward the 

technology and their inclination to adopt it [35], [42]. This 

perception holds immense significance as it not only shapes 

initial adoption decisions but also substantially impacts the 

continued usage and acceptance of the technology over time. 

When users perceive a technology as effortless, they are more 

inclined to integrate it into their daily routines and explore its 

full potential. 

Moreover, current findings by Hong et al. [56] have 

consistently demonstrated a robust correlation between 

PEOU and PEU. Essentially, users are more inclined to 
perceive technological innovations as practical and beneficial 

only when they find them easy to adopt and seamlessly 

integrate into their routines. This underscores the status of 

user experience design and rigorous usability testing in 

ensuring that technological offerings align with users' needs 

and are intuitive and user-friendly. By prioritizing these 

aspects, companies can enhance user acceptance and drive the 

successful adoption of their innovations in the competitive 

market landscape. PEOU plays a fundamental role in 

technology adoption and recognition, influencing users' 

perceptions of usefulness and ultimately determining the 
success of technological innovations in the market. 

Consequently, the subsequent hypotheses are put forward: 

 H1: Perceived ease of use is related to attitude towards 

using EVs. 

 H2: Perceived ease of use is related to the intention to 

adopt EVs. 

 

C. Perceived Risk (PER) for Adoption Intention to Use 

Technology Electric Vehicles 

Users' subjective assessments of uncertainty or worry 

about embracing new technologies or creative items are 
known as perceived risks. This notion could negatively 

influence their decision-making process regarding EV 

implementation [37], [57]. More importantly, customers' 

subjective fear of loss or possible adverse outcomes is a 

common source of their unwillingness to embrace new goods 

or services [37], [57]. According to the reasoning, customers 

have a negative outlook on embracing innovative products 

and services when they perceive hazards connected with 

newer technology [37], [57]. 

PER and user attitudes toward breakthrough technology, 

such as eco-friendly automobiles and EVs, have been studied 
little in automobile user psychology. Wang et al. [58] found a 

direct and negative effect of PER on EV attitudes, while 

Zhang et al. [59] found an indirect negative result using the 

TAM. This psychological component some researchers have 

looked into this and found that users' intentions to use EVs, 

both directly and indirectly, as well as their confidence and 

positive attitudes toward them, are negatively impacted by 

perceived risk, which can act as a barrier or cause anxiety [24], 

[60]. Thus, attitudes, intentions, and perceived danger are 

causally related, and this impression of risk may prevent EV 

adoption. 

Because EV implementation is still in its primary phases in 
emerging mobility markets, this remark may apply to 

customers' decision-making processes about implementing 

EVs as green, clean vehicles. Expanding on the previous topic, 

this study suggests that increased customer risk perceptions 

will reduce consumers' preferences and favorable attitudes 

toward EVs. Moreover, this unfavorable view could hinder 

their inclination to embrace EVs shortly. Consequently, the 

subsequent hypotheses are put forward: 

 H3: Perceived risk relates to attitude towards the use of 

EVs. 

 H4: Perceived risk has a relationship with the intention 
to adopt EVs. 

D. Perceived Usefulness (PEU) for Adoption Intention to Use 

Technology Electric Vehicles 

PEU, well-defined as the scale to which implementing a 

specific system is seen as beneficial in enhancing the 

performance of products or services, significantly impacts 

users' positive attitudes towards new technology or innovative 

products and their intentions to use them [35], [61], [62]. 

Within the context of adopting electric vehicles (EVs) as eco-
friendly alternatives, PEU encapsulates several critical 

aspects: the capability of EVs to reduce CO2 emissions and 

gasoline consumption, their role in lowering household 

transportation expenses, and their contribution to enhancing 

health quality by protecting against air or smog pollution. 

Consequently, the subsequent hypotheses are put forward: 

 H5: Perceived usefulness is related to attitude towards 

the use of EVs. 

 H6: Perceived usefulness has a relationship with the 

intention to adopt EVs. 
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E. Attitude Towards Use (ATU) for Adoption Intention to Use 

Technology Electric Vehicles 

Environmental consumer psychology research shows that 

a positive view of eco-friendly products indicates the desire 
to buy those products [63]–[65]. In the context of technology 

acceptance, Ajzen and Cote [66] say that how people feel 

about new goods or technologies is critical in determining 

how likely they are to adopt them. Users' positive or negative 

beliefs about new technology or products assess their attitudes, 

which are described as positive or negative evaluations of 

acceptance behavior [67]. Positive thoughts about technology 

can make people more likely to adopt it, leading to actual 

adoption behaviors [58]. This shows how important it is to 

change attitudes to get people to embrace technology how 

they want it to [68], [69]. TAM and its extensions say that 
how people feel about EVs as a new technology product is 

affected by their thoughts on "perceived usefulness," "ease of 

use," and "perceived risk" [36], [70]. Consequently, the 

subsequent hypotheses are put forward: 

 H7: Attitude towards using EVs is related to the 

intention to adopt EVs. 

II. MATERIALS AND METHOD 

A. Sample and Data Collection 

After screening the outliers and incompleteness, 400 
answers were accepted, and only 247 were found valid for the 

study goal. The study determined the minimum sample by 

employing a rule of thumb, which multiplied the number of 

questionnaire items (247 > 18*10 = 180) required for this 

study and started to be appropriately constructed on the 

reference of researchers for a desired level of (5-10*indicator) 

per variable for applying SEM [71], [72]. The sample 

comprised 247 individuals, effectively representing the study 

population with a balanced distribution across genders, 

diverse educational backgrounds, and a wide range of age 

groups. Normality, multicollinearity, consistency, and 
validity assessments were meticulously conducted to mitigate 

sample error and biases. The researchers employed a 

purposive sampling strategy, targeting individuals aged 17 

and older who possess a valid driving license and own a 

vehicle in Indonesia, thus ensuring the sample's adequacy in 

reflecting the target population of interest. 

B. Research Measures 

The study's questionnaire was carefully designed in two 

sections to collect detailed demographic data and assess green 
consumer behavior toward electric vehicle (EV) adoption. 

The first section gathered personal information such as gender, 

age, education level, household income, and vehicle 

ownership details, including the type and number of vehicles. 

The second section, based on established research, featured 

18 items across six cognitive dimensions: PEU, PEOU, PER, 

ATU, and AIU to adopt technology electric vehicles, utilizing 

a 7-point Likert scale to measure responses from 'strongly 

disagree' (1) to 'strongly agree' (7). This comprehensive 

method aimed to understand the interplay between 

demographic factors and psychological constructs in shaping 
consumer attitudes and intentions toward EV adoption. 

 

TABLE I 

DEMOGRAPHIC OF RESPONDENTS (N = 247) 

Construct Item 

Perceived Ease of Use 
(PEOU) 
[73] 

1. Electric vehicles seem 
straightforward to use. 

2. Driving electric vehicles appears 
to be uncomplicated for me. 

3. Understanding and interacting 
with electric vehicles seems 
clear and manageable. 

Perceived Usefulness 
(PEU) 
[28], [73] 

1. Electric vehicles can cut carbon 
emissions and energy use. 

2. Electric vehicles are believed to 
enhance my health. 

3. Electric vehicles can lower my 
transportation costs. 

4. Using electric vehicles is seen to 
enhance my travel efficiency. 

Perceived Risk (PER) 
[28], [36], [38] 

1. I fear financial losses with 
electric vehicles. 

2. Safety worries arise when 
driving EVs. 

3. Performance concerns exist with 
electric cars. 

4. Inconveniences like range and 
charging trouble me. 

Attitude Towards Use 

(ATU) 
[74], [75] 

1. My interest lies in EVs. 

2. I am fond of the concept of 
utilizing EVs. 

3. Adopting electric vehicles as 
part of my travel choices brings 
me a positive outlook. 

Adoption Intention to Use 
(AIU)  
[28], [36], [74] 

1. I am dedicated to switching to 
electric vehicles for future 
purchases. 

2. I am focusing on choosing EVs 
for my upcoming purchases. 

3. I intend to make EVs my 
preferred choice for future 

purchases. 

4. I encourage others to think about 
electric vehicles when selecting 
their vehicles. 

C. Demographic of Respondents 

Table 1 shows the demographic profile of 247 respondents 

involved in this survey. Of this total, 142 (40.92%) were male 

and 105 (30.26%) were female. Additionally, 12 respondents 
(3.46%) were under 20 years old, 31 respondents (8.93%) 

were between 20 and 30 years old, 86 respondents (24.78%) 

were between 31 and 40 years old, and 118 respondents 

(34.01%) were above 40 years old. 

In conditions of education, the majority of respondents held 

a bachelor's degree, with 137 (39.48%), followed by 95 

(27.38%) holding a master's degree and 15 (4.32%) having a 

doctoral degree. Monthly household income varied among 

respondents, with 110 respondents (31.70%) earning less than 

3,000,000 IDR, 85 respondents (24.50%) earning between 

3,000,000 and 5,000,000 IDR, 43 respondents (12.39%) 

earning between 5,000,000 and 7,500,000 IDR, and nine 
respondents (2.59%) earning more than Rp. 7,500,000 IDR. 
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Concerning the categories of vehicles owned by 

respondents' families, 136 respondents (39.19%) owned 

motorcycles, 95 respondents (27.38%) owned economy cars, 

and 16 respondents (4.61%) owned premium vehicles. 

Furthermore, there were 35 respondents (10.09%) who only 

owned one vehicle, 141 respondents (40.63%) who owned 

two cars, and 71 respondents (20.46%) who owned more than 

two vehicles in their families. 

TABLE II 

DEMOGRAPHIC OF RESPONDENTS (N = 247) 

Category Frequency Percent 

Gender     

Man 142 40.92% 

Female 105 30.26% 

Age     

Less than 20 years 12 3.46% 

20 – 30 years 31 8.93% 

31 – 40 years 86 24.78% 

More than 40 years 118 34.01% 

Education Level     

Bachelor Degree 137 39.48% 

Master Degree 95 27.38% 

Doctoral Degree 15 4.32% 

Income per month (IDR)*     

Less than 3.000.000 110 31.70% 

3.000.000 – 5.000.000  85 24.50% 

5.000.000 – 7.500.000 43 12.39% 

More than 7.500.000 9 2.59% 

Types of Vehicles in a Family     

Two-wheeler (Motorcycles) 136 39.19% 

Economy Four-wheeler 95 27.38% 

Premium Four-wheeler 16 4.61% 

Number of Vehicles in a Family     

One 35 10.09% 

Two 141 40.63% 

More than two 71 20.46% 

* 1 USD = 15.500 IDR 

 

The demographic profile outlined in Table 1 has several 

implications for this study. Understanding the demographic 

descriptions of the respondents can help contextualize and 

interpret the study's findings effectively. The relatively 

balanced gender distribution among the respondents (40.92%) 

male and (30.26%) female suggests that the research sample 
is representative of both genders. This balance allows for 

gender-specific analyses if the research aims to explore 

gender-related factors or implications. 

The distribution across different age groups, with a 

significant portion above 40 years old (34.01%), indicates that 

the research captures diverse perspectives. This diversity 

could influence responses and perceptions regarding 

technology adoption, lifestyle choices, or financial decision-

making. The majority of respondents holding bachelor's 

degrees (39.48%), followed by master's degrees (27.38%) and 

doctoral degrees (4.32%), suggest a relatively well-educated 

sample. This implies that the research findings reflect 
perspectives from individuals with higher levels of education, 

potentially impacting the depth of analysis and the complexity 

of responses. 

The variation in monthly household income among 

respondents indicates socio-economic diversity within the 

sample. This diversity could influence consumption patterns, 

preferences, and decision-making processes, particularly 

purchasing behavior, financial management, or resource 

access. The distribution of types and numbers of vehicles 

owned by respondents' families provides insights into their 

socio-economic status and lifestyle preferences. 
Understanding vehicle ownership patterns can be crucial for 

research focusing on transportation economic impact or urban 

planning. 

D. Data Analysis 

The study applied SPSS and AMOS software for data 

processing and analysis, employing SEM to investigate 

relationships and effects identified through questionnaire data. 

ML Estimation was used to evaluate the construct reliability 
and validity of the multi-item measurement scales. Within 

SEM, path analysis consists of two primary components: a 

structural model that establishes paths of effect between 

independent and dependent variables and a measurement 

model enabling the simultaneous measurement of 

independent, dependent, and variables [76]. SEM analysis is 

a robust statistical technique for concurrently examining 

multiple variables and constructs, providing an in-depth 

understanding of the research framework's complex 

interactions and causal relationships [77]. 

Structural Equation Modeling (SEM) analysis comprises 

two distinct models: the measurement model, which assesses 
the validity and reliability of observed variables, and the 

structural model, which examines hypothesized relationships 

among constructs. Following the methodology delineated by 

Anderson and Gerbing [78], the study commenced with CFA 

to justify the measurement model, ensuring an accurate 

representation of constructs by their indicators. Subsequently, 

path analysis was conducted on the structural model to 

explore and quantify direct and indirect relationships between 

constructs, thereby offering a comprehensive understanding 

of the underlying dynamics influencing the phenomena under 

investigation. 

III. RESULTS AND DISCUSSION 

A. Goodness of Fit (GOF) 

GOF test evaluates the degree of agreement between the 

actual data distribution and a predetermined theoretic 

distribution. Several academics have offered suggestions on 

how to report model fit indices. Garson [79] suggests 

including the following indices in the report: CMIN, RMSEA, 

one index representative of the fit of the model to the baseline 

(such as CFI, TLI, NFI, RFI, or IFI), and one index 
representing the fit of the model to the parsimony (such as 

PNFI or PCFI). 

The Goodness of Fit (GOF) criteria assess whether a 

simulation can be accepted or disallowed through a likelihood 

test employing various indices and cut-off evaluation 

standards [99]. Table III demonstrates that the GOF standards 

have been fulfilled, signifying the constancy of the model and 

its readiness for further analysis. 
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TABLE III 

GOODNESS OF FIT (GOF) RESULT 

Criteria  Value Cut-Off  Sources 

Chi-Square (X2) 0.893 ≥ 0.050 [80]–[82] 

CMIN/DF 0.548 ≤ 2.000 [83]–[85] 

GFI 0.938 ≥ 0.900 [80], [85], [86] 

RMSEA 0.000 ≤ 0.080 [85], [87]–[91] 

TLI 1.163 ≥ 0.900 [85], [92], [93] 

CFI 1.000 ≥ 0.900 [91], [94], [95] 

IFI 1.102 ≥ 0.900 [96] 

PNFI 0.575 ≥ 0.500 [97], [98] 

PCFI 0.751 ≥ 0.500 [97], [98] 

B. Analysis of Loading Factor, Average Variance Extracted, 

and Composite Reliability  

According to the criteria outlined, each variable should 

account for at least 50% of the variance in its constructs, 
necessitating an absolute relationship above 0.70 between 

variables and constructs [100]. Furthermore, the measurement 

model should remove construct with factor loadings < 0.40 

[101]. While Table IV generally presents reasonable loading 

factor values for the measurement model, some specific 

values fall below the recommended threshold, suggesting that 

only a limited number of constructs adequately explain the 

relationship between variables. A loading factor value > 0.70 

signifies a strong correlation. 

 

TABLE IV 

LOADING FACTOR, AVERAGE VARIANCE EXTRACTED (AVE), AND COMPOSITE RELIABILITY (CR) 

Construct Item Loading Factor AVE CR 

Perceived Ease of Use (PEOU) PEOU1  0.785  0.778 0.891 

 PEOU2  0.821    

 PEOU3  0.729    

Perceived Usefulness (PEU) PEU1  0.887  0.835 0.944 

 PEU2  0.755    

 PEU3  0.834    

 PEU4 0.863   

Perceived Risk (PER) PER1  0.934  0.832 0.943 

 PER2  0.764    

 PER3  0.806    

 PER4  0.823    

Attitude Towards Use (ATU) ATU1  0.786  0.861 0.941 

 ATU2  0.872    

 ATU3  0.926    

Adoption Intention to Use (AIU) AIU1  0.763  0.821 0.938 

 AIU2  0.791    

 AIU3  0.885    

 AIU4 0.845   

 

Notably, all reflective indicator values in the structural 

model surpass the required threshold, indicating no need for 

constructs from omitted latent variables. The measurement 

model undergoes evaluation based on validity and reliability, 

with Cronbach's Alpha often utilized to determine reliability, 

indicating consistency among all indicators in the model. 

Ideally, Cronbach's Alpha must be at least 0.70, with values 

of 0.80 or 0.90 considered even more desirable. The 

composite reliability value, interpreted similarly to 
Cronbach's Alpha, should also be considered [98]. In Table 

IV, the C.R values obtained from the outcomes of the SEM 

analysis on the dimension model were > 0.70, indicating 

satisfactory reliability levels for all models, rendering them 

applicable. Additionally, for good convergent validity, a 

latent variable should, on average, explain more than half of 

the construct's variance, as denoted by the AVE value [102]. 

The recommended AVE value begins at 0.50. Table IV shows 

positive outcomes, with an average AVE (0.931), 

representing excellent validity for the developed structural 

model. 

C. Measurement model analysis 

In the measurement model analysis utilized in our study, a 

total of 18 indicators represents the five key constructs: 

Perceived Ease of Use (PEOU), Perceived Usefulness (PEU), 

Perceived Risk (PER), Attitude Towards Use (ATU), and 

Adoption Intention to Use (AIU) Technology Electric 
Vehicles (EVs). Each indicator is deemed suitable for use and 

capable of serving as a parameter for the variables they 

represent. Thus, the model demonstrates robustness in 

approximating modifications in the dependent variable, 

namely the AIU EVs, as it meets the criteria for model fit 

assessment. Considering these constructs, our analysis 

deepens the awareness of the behavior regarding the intention 

to use EVs. It provides a solid foundation for designing 

effective strategies to enhance EV adoption in society. The 

consequences of the measurement model can be seen in 

Figure 2 as follows: 
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Fig. 2  Structural Model Result (* p < 0.05, or ** p < 0.01, or ***p < 0.001) 

 

D. Hypothesis Testing Predictors of Perceived Ease of Use 

(PEOU)  

The study's findings reveal significant positive associations 

between PEOU ATU and AIU regarding EVs. This implies 

that perceptions of the ease of using EVs positively influence 

individuals' attitudes and intentions to adopt this technology. 

The regression analysis illustrates this relationship with 

notable coefficients and levels of significance. For ATU, the 

regression coefficient (β) is 0.162 with a significance level (p) 

of 0.027, indicating a meaningful positive relationship 

between PEOU and ATU. Similarly, the regression 

coefficient (β) for AIU is 0.128 with a significance level (p) 

of 0.032, reinforcing the significant positive association 
between PEOU and AIU. 

These results align with previous studies in technology 

implementation and innovation diffusion theories. According 

to the TAM by Davis (1989), PEOU is a crucial determinant 

of individuals' attitudes and intentions toward adopting new 

technologies [35]. The positive relationship between PEOU 

and both ATU and AIU in the context of EVs supports the 

applicability of TAM in understanding consumer behavior 

towards this innovative technology. 

The positive association suggests that efforts to enhance 

EVs' perceived ease of use could promote consumer adoption. 
Strategies such as user-friendly interfaces, clear instructions, 

and convenient charging infrastructure could help alleviate 

perceived barriers to adoption and encourage favorable 

attitudes and intentions toward EV use. 

The assertion that users are more expected to embrace new 

products and perceive them as simple and convenient holds 

significant relevance in the context of EVs. This observation 

reflects a fundamental aspect of consumer behavior and 

decision-making processes, explored and supported by 

various studies [103], [104]. PEOU shapes user attitudes and 

intentions toward implementing innovative technologies like 

EVs. When individuals perceive EVs as straightforward and 
convenient, they are more inclined to develop positive 

attitudes toward them and are more willing to adopt them. 

 

E. Hypothesis Testing Predictors of Perceived Risk (PER) 

Based on the examination results, it was found that PER is 

not significantly associated with ATU in the context of EVs. 

The regression coefficient (β = 0.225) and significance (p = 

0.270) suggest no significant relationship exists between PER 

and ATU for EVs. However, it is noteworthy that PER is 

significantly and positively associated with AIU in the use of 

EVs. The positive regression coefficient (β = 0.475) with a 

significant (p = 0.022) indicates a significant relationship 

between PER and AIU concerning EV technology adoption. 

These findings align with the existing literature, which 

highlights users' uncertainties regarding innovative 

technology, particularly concerning doubts or anxieties 
related to utility risks associated with adopting new high-tech 

products like EVs [37], [105], [106]. Utility risks include 

implementation, suitability, long recharging time, charging 

infrastructure, and protection. The perception of these risks 

can influence users' attitudes and intentions towards adopting 

EV technology. 

The survey by Alalwan et al. [107], Baabdullah et al. [108], 

and Roy et al. [109] highlights that when consumers perceive 

significant risks associated with using online banking services 

or shopping online, it can directly impact their attitudes and 

intentions to adopt such behaviors. These perceived risks can 
stem from various sources, including concerns about the 

security of personal data, uncertainties regarding transaction 

processes, or even worries about the quality of products or 

services obtained. 

Perceived risk also emerges as a critical factor influencing 

consumer attitudes and intentions in the context of EV 

implementation. Users may need to be more concerned about 

EV performance, the availability of suitable charging 

infrastructure, or even issues related to battery durability and 

maintenance costs. Consumers tend to be less motivated to 

adopt EV products when these risks are perceived as high. 

PER may not directly influence users' attitudes toward 
electric vehicles, but it plays a significant role in shaping their 

attitude toward innovation in EV technology. Additionally, 

perceived risk emerges as a vital consideration in 

0.475*** 

0.128* 

0.218** 

0.582** 

0.320** 

0.162* 

0.225 
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understanding consumer attitudes and adoption intentions 

towards innovative technologies such as EVs, echoing 

findings from prior research in related domains like online 

banking and e-commerce. 

F. Hypothesis Testing Predictors of Perceived Usefulness 

(PEU) 

The positive regression coefficient (β = 0.320) and 
significance (p = 0.006) indicate that PEU is positively related 

to attitudes toward the use of EVs. This finding recommends 

that users who find EVs as easy to use will likely have positive 

attitudes toward them. This aligns with the TAM, which 

posits that perceived ease of use influences users' attitudes 

toward technology [35]. In the context of EV implementation, 

PEU may encompass factors such as the simplicity of 

charging, ease of navigation, and overall user experience with 

EVs. 

Similarly, the positive regression coefficient (β = 0.218) 

and significance (p = 0.000) indicate that PEU positively 
relates to AIU. This suggests that users perceive EVs as easy 

to use and are likelier to use them in practice. This finding is 

consistent with previous research indicating that PEU 

significantly influences users' intentions to adopt technology 

[42], [110]. In EV implementation, PEU may affect users' 

confidence in their capacity to join EVs into their daily lives 

and routines. 

PEU measures how much someone believes using a 

specific system would be easy. In EV implementation, users' 

perceptions of how easy it is to operate and integrate EVs into 

their lifestyles play a crucial role. Research by Venkatesh and 

Davis [42] found that PEU significantly influences users' 
attitudes and intentions towards technology implementation. 

Similarly, studies specific to EVs have shown that clients are 

more motivated to accept EVs when they perceive them as 

easy and convenient [111], [112]. 

The positive relationship between PEU and AIU identified 

in this study corroborates findings from prior research, 

contributing to the growing body of evidence supporting the 

importance of usability perceptions in shaping technology 

adoption. For instance, Hidrue et al. [113] studied user 

preferences for other fuel vehicles. They found that PEU 

significantly influenced users' willingness to adopt electric 
and hybrid cars. Zhang et al. [114] explored aspects 

influencing Chinese users' intention to adopt EVs and found 

that PEOU positively influenced adoption intentions. 

Understanding the significance of PEU in influencing 

implementation intentions has practical implications for 

policymakers, manufacturers, and marketers in promoting EV 

adoption. Efforts to improve EVs' usability and user 

experience, such as enhancing charging infrastructure, 

simplifying vehicle operation, and providing user-friendly 

interfaces, can help alleviate consumer concerns and increase 

adoption rates [115], [116]. Moreover, educational initiatives 
highlighting the convenience and ease of integrating EVs into 

daily life can further enhance PEU and foster positive 

attitudes toward EV adoption. 

G. Hypothesis Testing Predictors of Attitude Towards Using 

(ATU) 

The significant and positive association between ATU EVs 

and AIU them, as indicated by a positive regression 

coefficient (β = 0.582) with a substantial (p = 0.018), 

underscores the critical role of consumer attitudes in the 

adoption process. This finding aligns with the TPB, which 

posits that a favorable attitude towards a behavior 

significantly predicts the intention to be involved in that 

behavior [43]. In EVs, this suggests that positive attitudes 

towards these vehicles will likely result in higher adoption 

intentions, reflecting a direct pathway through which user 

perceptions shape market trends. 

Several studies highlight perceived risk as a significant 
barrier to EV adoption. Cheng & Huang [60], Luo et al. [117], 

and Tiwari et al. [118] all identify perceived risk—

encompassing concerns about technology reliability, 

infrastructure availability, and cost implications—as a critical 

obstacle in forming favorable attitudes towards EV 

technology. This perspective is crucial in understanding 

consumer hesitation, as perceived risk can dampen 

enthusiasm towards new technologies despite their eco-

friendly and financial benefits. 

The influence of cognitive beliefs on adopting EVs is more 

pronounced than the technology's attributes [27], [119]. This 
observation suggests consumers weigh their beliefs about 

EVs' PEU and PEOU more heavily than the vehicles' actual 

features. Such cognitive beliefs are essential components of 

the TAM, which explains that PEU and PEOU affect users' 

attitudes towards and intentions to use new technology [35], 

[120]. Therefore, cognitive beliefs about EVs, shaped by 

information, experiences, and societal narratives, indirectly 

influence adoption intentions by mediating attitudes toward 

these vehicles. 

Integrating these findings with the TPB and TAM offers a 

comprehensive framework for understanding EV adoption. It 
highlights the importance of addressing PER and enhancing 

the PEU and PEOU to foster positive attitudes towards EVs. 

Educational campaigns, improvements in EV infrastructure, 

and incentives can mitigate perceived risks and bolster 

positive perceptions, encouraging adoption. 

H. Discussion  

This study delves into the intricate dynamics influencing 

users' implementation of EVs in response to the pressing 

challenge of air contamination caused by the transportation 
segment. Recognizing EVs as a sought-after solution, 

policymakers and marketers are intensifying efforts to 

accelerate their uptake. This examination expands upon the 

traditional TAM to comprehensively understand the 

underlying factors driving users' intention to approve EVs. It 

incorporates additional dimensions such as perceived risk and 

the impact of commercial incentives policies within a rapidly 

evolving zero-emission mobility market, which aligns with 

global agendas for emission-free transportation. 

The study used a comprehensive approach, examining 

direct, mediated, and moderated links to fill gaps in our 
understanding of the complex psychology behind electric 

vehicle adoption. Path analysis is employed to empirically 

examine hypothesized linkages based on the 'beliefs-attitude-

intention' framework drawn from cognitive theories. The 

research intends to use mediation and moderation analyses to 

reveal the subtle impacts of mental elements, specifically 

perceived utility, PEU, PEOU, and PER, on the construction 

of attitudes towards EVs and the ultimate desire to use them. 
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In addition, the study investigates how external factors, 

specifically financial incentive programs, influence the 

connection between users' attitudes and their intentions to 

approve. 

Through an in-depth examination of intricate connections, 

this study aims to offer valuable perspectives on the factors 

motivating users' choices when implementing EVs. 

Ultimately, the goal is to provide policymakers and marketers 

with valuable insights into successful strategies for 

encouraging the widespread use of EVs. This will help shift 
towards a more sustainable and eco-friendly transportation 

system. The research findings offer valuable insights into 

consumer attitudes toward EVs and their intention to adopt 

them. The study also examines the influence of predictor 

variables, including PEU, PEOU, and PER. The findings 

suggest that individuals' perspectives on EVs influence their 

likelihood of adopting them and their PEU and PEOU. These 

findings align with psychological theories highlighting 

attitudes as a connection between beliefs and behavior [40]. 

Previous studies, such as those conducted by Degirmenci 

and Breitner [121] on driver preferences for EVs in Germany, 
Wang et al. [58] on aspects influencing the intention to buy 

EVs through a perception-based path mapping approach, and 

Policarpo and Aguiar [122] on the influence of attitudes, risk, 

and trust on EV implementation, support these findings by 

highlighting the importance of attitudes as a primary driver of 

acceptance intention. 

However, this research also indicates that attitudes do not 

mediate the connection between PER and AIU. This 

recommends the complexity of factors involved in consumers' 

decision-making regarding EV implementation, where 

perceived risk may directly influence adoption intention 
without going through attitudes. This study contributes 

valuable insights into the factors influencing EV 

implementation and their implications for policy and 

marketing strategies. The findings strengthen the 'belief-

attitude-intention' in the context of EV acceptance and 

underscore the importance of considering user PEU, PEOU, 

and PER in designing promotional programs and incentives. 

Furthermore, this research reveals a significant moderating 

consequence of fiscal incentive policies on the connection 

between attitudes toward EVs and adoption intention. This 

indicates that external aspects, such as financial incentives, 

influence users' decisions regarding EV adoption. These 
findings are consistent with previous investigations [70], 

[123], highlighting the importance of considering external 

stimuli in understanding user behavior in the background of 

EV implementation. 

Overall, the findings of this study, which adopts an 

extended TAM approach, indicate that consumers' intentions 

to adopt EVs are influenced directly or indirectly by factors 

such as ATU, PEU, PEOU, and PER, along with the 

moderating factor of monetary incentive policies. These 

outcomes support the descriptive potential of the model used 

in this study and align with previous research in vehicle 
acceptance [59], [124]. 

IV. CONCLUSION 

The study significantly impacts the ongoing discussion on 

knowledge receipt by extending the TAM to incorporate the 

effect of incentive policies on user attitudes and intentions 

toward adopting electric vehicles (EVs). This extension 

acknowledges the evolving landscape of technology adoption, 

particularly within emerging markets where policy incentives 

are essential in influencing user behavior. The study addresses 

the attitude-intention gap toward EV adoption, emphasizing 

the intricate interplay of factors influencing consumers' 

decision-making. By delving into the 'beliefs-attitude-

intention' framework, the research enriches existing 

theoretical models, offering a deeper understanding of the 

adoption process and highlighting the role of beliefs in 
determining attitudes and intentions. 

The exploration elucidates the facilitating role of attitude, 

revealing that PEU and PEOU drive user attitudes toward EVs, 

subsequently impacting adoption intentions. This finding 

underscores the importance of these factors in shaping 

consumer behavior and informs strategies aimed at promoting 

EV adoption. The study uncovers the direct results of 

perceived risks on adoption intentions, such as monetary 

losses, safety concerns, and performance issues, particularly 

relevant within emerging markets like Indonesia, where EV 

adoption is still in its infancy. This highlights the need to 
address consumer apprehensions and build trust in the 

technology to facilitate widespread adoption. 

The investigation reaffirms PEU and PEOU's enduring 

significance in influencing attitudes and intentions to 

implement EVs. These factors remain vital determinants of 

technology acceptance and provide valuable insights for 

representatives, industry investors, and academics seeking to 

accelerate the transition toward sustainable mobility solutions. 

The research offers valuable contributions to theoretical 

advancements and practical implications for promoting EV 

adoption, providing insights that can inform policy 
interventions, marketing strategies, and product development 

efforts to drive the uptake of electric vehicles in emerging 

markets. 
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