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ABSTRACT Driver state monitoring (DSM) systems aim to measure driver/occupant state, considering 

factors such as fatigue, workload, attentiveness, and wellbeing. They are influential for some vehicles on 

the road today, but as we move towards higher levels of automation their use is expected to become even 

more important. Uncertainty around public perception of these systems is a potentially limiting factor, 

with potential concerns for privacy, data storage, perceived utility, and reliability amongst other things 

posing potential threats. A survey was conducted based on the Universal Theory of Acceptance and Use 

of Technology (UTAUT) framework, which collected 311 individual responses to explore the acceptability 

of this technology in specific relation to conditionally and partially automated vehicles. This paper 

identified that the factors of effort expectancy, performance expectancy, social influence, and attitudes 

towards using new technology are all positively related to overall behavioural intention, whereas anxiety 

is negatively related. Other demographic influences are discussed, and recommendations made for future 

research and marketing/implementation of DSM systems to ensure acceptance by future users. 

Keywords: Human factors, driver state monitoring, UTAUT, acceptance, automated vehicles   

1. Introduction  

Evidence suggests that 94% of serious crashes are due to ‘human error’, and it is hoped that automated 

vehicles can help reduce this problem and have a positive impact on road safety (Automated Vehicles for 

Safety, 2020). As part of the safe operation for such future vehicles, driver state monitoring (DSM) systems 

are potentially useful for identifying and reducing misuse of such automated functions due to fatigue, 

distraction, or excessive trust in the driving ability of automated vehicles (Kim and Yang, 2017). The Society 

of Automotive Engineers (SAE) define six levels of driving automation (SAE, 2021) which are widely 

considered as the industry standard and adopted in many countries (Li et al., 2016). In a Level 0 (No Driving 

Automation) vehicle, the entire dynamic driving task is performed by a human driver. A Level 1 (Driver 

Assistance) system can control either lateral or longitudinal control such as lane-keeping assist or adaptive 

cruise control. Level 2 (Partial Driving Automation) is capable of controlling lateral and longitudinal vehicle 

control simultaneously, within specified operational design domains (ODDs). However, the driver must 

constantly monitor the vehicle and the environment and retains full responsibility for the vehicle at all 

times. In a Level 3 (Conditional Driving Automation) system, the vehicle can control lateral and 

longitudinal motion simultaneously, within specified ODDs and the driver can disengage from the dynamic 

driving task (DDT) when in operation, leaving the vehicle entirely responsible for the dynamic driving task. 

However, the human user must be responsive to receive control back from the system within a given 

timeframe, if required. A level 4 (High Driving Automation) vehicle can handle all attributes of the driving 

task but only within specific ODDs. A Level 5 (Full Driving Automation) requires no human driver input to 

the driving task and the vehicle can operate in all domains. 
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The transition from SAE level 2 to level 3 is particularly interesting, where the human driver no longer 

needs to constantly monitor the environment with the automated system is active. However, the human 

driver still has the responsibility to take over control when asked to do so, when the automated driving 

system is not competent for the current driving task or upcoming environment. Thus, in a Level 3 vehicle, 

the human driver needs to be fully capable to receive the transition demand and take over the driving 

task within just a few seconds – DSM is required to evaluate if the driver is responsive to these transition 

demands. In a Level 2 system, it is required that the human must monitor the road ahead and the 

automated system at all times. According to the Uber fatal incident in Tempe, Arizona, United States, a 

pedestrian was killed by an automated vehicle where driver inattention was cited as a contributor to the 

crash (National Transportation Safety Board, 2019). The information reported after the crash showed that 

the braking pedal was applied only after the crash happened because the driver was not attentive to the 

road before the vehicle struck the pedestrian. Such occurrences are evidenced also in non-automated 

vehicles. From 2016 to 2018, one study analysed the frequency, causes and severity of road freight 

collisions in Gilan Province, Iran. It was shown that being inattentive to the road ahead and non-

compliance with road safety rules were the main variables in road freight collisions. (Bagheri and 

Shirazian, 2020). Since ‘human error’ is the main cause of road traffic collisions, there have been attempts 

to minimize unfavorable driver behaviour in vehicles. In one example, researchers used more than a dozen 

alarms to prevent drivers from becoming overly fatigued (e.g., falling asleep) (Iqbal et al., 2020). These 

same lessons can likely be applied to ensure the safe operation of partially and conditionally automated 

vehicles.  

Equipping future vehicles with an onboard system that can track and analyse driver state (including 

fatigue, workload, and distraction) is the first step in creating countermeasures to ensure the safe 

operation of automated vehicles. For example, driver state data can be used to understand the availability 

of the driver to take over control of the vehicle, the system can then employ a reasonable and effective 

way to alert the driver if required, which may improve safety (Perello-March et., al 2021). Moreover, the 

system can also monitor driver state to ensure they are conducting their system and environment 

monitoring obligations (specifically in a partially automated vehicle) and provide countermeasures if the 

driver is negligent to their responsibilities. Besides safety, recent literature also raises consideration of 

driver/occupant comfort and wellbeing in automated vehicles (Smyth and Birrell, 2019) and there is a 

significant motivation to measure occupant wellbeing using DSM systems (Smyth et al., 2020).  

Due to the expected safety benefits, DSM is likely to become commonplace in future vehicles and it will 

be an influential technology to support the safe rollout and use of automated vehicles. As of 2020 DSM 

has even become a requirement to secure a 5-star Euro NCAP safety rating in all vehicles. However, 

considering different customer cultures in advanced driver-assistance systems (ADAS) usage, inadequate 

and incomplete legal frameworks, potential financial concerns, and data storage/compliance 

considerations, understanding the user acceptance of DSM remains a complex pursuit. It is imperative 

that the acceptance of these systems is understood to ensure consumer uptake, where without a 

willingness to use DSM system, the utility of automated systems may be negatively impacted. As the 

United Kingdom government move towards enabling conditionally automated vehicles on the road, they 

too highlight considerations for data storage of such systems, which will impact public acceptance (Center 

for Connected and Autonomous Vehicles, 2021). Therefore, this paper aims to gain a clear understanding 
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of the current user acceptance level of DSM systems with a focus on partial and conditional driving 

automation, Level 2, and Level 3 automation.  

In this article, we begin by exploring road safety and identify the threat of fatigue, distraction, and other 

undesirable driving states, with a focus on automated vehicles. Through introducing future concepts of 

automation and shared human-automation responsibility, this paper will consider the need to assess 

driver attentiveness and the implications for takeover reaction time in partially and conditionally 

automated vehicles – thus highlighting the need for a DSM system. There have been many attempts to 

understand the acceptance of automated vehicles and ADAS features in the previous literature. Similarly, 

there have also been numerous projects set to understand the acceptance of driver state monitoring 

generically and considering non-automated vehicles. The novel contribution of this paper is provided 

through exploring the acceptance of DSM specifically in the context of partially and conditionally 

automated vehicles. To quantify user’s acceptance of DSM, this study uses an online survey to capture 

public attitudes and opinions to understand the initial acceptance of a DSM system for automated vehicles 

and proposes recommendations to ensure acceptance of such systems to help enable safe use of future 

automated vehicles.  

2. Background 

The rapid development of automated vehicles and advanced driver assistant systems has promoted the 

need for relevant regulations and standards, as technology is progressing faster than regulatory bodies 

can keep up with. The state of California granted Google its first driverless vehicle test license in 2002. 

The Society of Automotive Engineers (SAE) promulgated the definition standard SAE J3016 for levels of 

automation in 2016. In 2020 the UK government began a consultation for the regulation of Automatic 

Lane Keeping Systems (ALKS) which has SAE Level 3 functionality. This conditionally automated system 

relies on the ability to assess driver state in regards to “driver availability and attentiveness” (Centre for 

Connected and Autonomous Vehicles, 2020, p. 32.) and is the first time that legal policy may interact with 

DSM system requirements. We must better understand the gaps in the literature to ensure an acceptable 

implementation of DSM in such vehicles to support the rollout of such conditionally automated systems. 

There has been significant interest in the human implications of transitioning from internal combustion 

engines to electric vehicles in the past years as a trend of the industry (H. Kapeller et al. 2021). However, 

more recently, the trend of increasing automation in vehicles has also become more notable in the 

automotive industry (Badue et al., 2020). As vehicles become more capable and move from partial (L2) to 

conditional (L3) automation, there is a change in the division of responsibility between the system and 

the driver for various tasks. Such responsibilities include the level of engagement of the driver for vehicle 

lateral and longitudinal control, environmental monitoring, the fallback performance when the system 

reaches its boundary, and the situational adaptability level. Therefore, the requirements of a DSM system 

also vary in its utility and expected performance, but the importance remains comparable.  

Increasingly, car manufacturers are including ADAS features/systems alongside automated driving 

features. These driving assistance systems have been able to control the car from the lateral (e.g. lane 

keep assist) or longitudinal directions (e.g. adaptive cruise control), while other driving tasks are 

performed by the driver, which is driving assistance (or Level 1 system according to the SAE). Studies have 

considered the implications of acceptance for such ADAS features previously, where one paper found 

expected convenience to be a larger motivator for ADAS consumers than safety itself (Jun et al., 2019). 

Some car manufacturers can also achieve partial automation (L2) for example, Autopilot 2.0 launched by 
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Tesla can complete both longitudinal and lateral driving control simultaneously under certain conditions. 

However, the monitoring task for drivers (referred to as Object and Event Detection and Response or 

OEDR by the SAE) remains. The driver is still required to monitor the driving system and the surrounding 

environment. At Level 2 the driver cannot disengage from the dynamic driving task and participate in tasks 

unrelated to driving. This itself brings about considerations for user acceptance, where the perceived 

utility of the system may suffer if people expect the vehicle to be more capable than it is. Although 

considerations for ensuring appropriate user interaction design are being developed (Detjen et al., 2021) 

to cater for this. 

In 2021, a new Honda Legend was marketed with capabilities reminiscent of conditional automation (L3) 

(Honda News EU, 2021), which means that under some circumstances the monitoring task of the 

environment is also handled by the system, and the driver does not need to monitor the system or 

environment whilst it is operational. But this also has its limitations. When the system is not capable of 

maintaining high-performance driving in a particularly dynamic and complicated environment of driving 

(or environments for which it is not designed to operate), the driver must be prepared for taking over 

the driving tasks and it is the vehicles’ responsibility to understand if the driver can regain control – for if 

they are not, the vehicle will have to pull over and perform a minimum risk manoeuvre. Further, 

because the driver is likely in a temporary out-of-the-loop state (i.e., not attentive to the driving task 

when the automated system is active) and drivers may not be expected to monitor the surrounding 

environment, situational awareness will likely be compromised. Where in this instance, situational 

awareness pertains to one’s perception of the events and conditions of the driving environment and 

associated tasks. Under this situation, the system needs to actively alert the driver to restore the 

situational awareness of the surrounding environment, as well as perform the takeover operation 

(Merat et al., 2019) in a short amount of time. It is also known the recovery speed of situational 

awareness directly affects driving safety (Eriksson and Stanton, 2017). Ensuring that driver has a good 

state of situational awareness and is capable to take over control of the vehicle is vitally important in a 

conditionally automated vehicle. 

The specific technologies for measuring driver attention or driver wellbeing/comfort are not being 

discussed in this article, instead, we note that for any technologies to be effective, they must first be 

accepted by the user to prevent disuse or indeed misuse. For instance, with a lack of acceptance, 

consumers may not be willing to have their data collected by the vehicle, may turn the systems off, bypass 

them, or simply not buy vehicles with such DSM capability. There are some challenges that have already 

been raised in this regard. Researchers suggest that ethical implications may be an important factor in 

users’ trust in automated technology (Adnan et al., 2018), and this applies to the ethics of data 

collection/handling of DSM systems. In a study of commercial drivers, it was found that perceived utility 

was the most important determining factor for the willingness to use DSM systems (Ghazizadeh et al., 

2012). Whereas for non-commercial vehicles others found social influence was the most influential factor 

to effect ‘behavioral intention to use’ (Adell 2009). 

Besides specific technologies such as ADAS or DSM in non-automated vehicles, individual factors are also 

an important mediator for over acceptance of technology. Morris and Venkatesh found that the 

technology usage of young people is strongly affected by the attitude towards technology, and the 

technology usage of older people is more affected by subjective norm and perceived behavioural control 
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(Morris and Venkatesh, 2000). One further explanation to this is shown by Nasab et al. (2009), who 

proposed that a positive safety attitude grows with increasing age (Nasab et al., 2009). This is useful 

perhaps for understanding how DSM systems may be perceived or accepted from a safety perspective, 

especially when considering experienced drivers (who are likely to be older) have confidence in their 

driving skills and have less interest in driving-assistance systems (Abbink et al., 2012). Other research 

explores the significant effect of sex on driving collisions and has demonstrated a primary cause of road 

traffic collisions among young drivers, is due to their desire to seek driving-related sensations and self-

esteem (Khan et al., 2020). The impact on user acceptance of DSM mediated by the experience of different 

automation levels of a car is as yet unreported. The literature in this area considering the transition from 

partial to conditional driving automation remains underdeveloped, perhaps due to the limited quantity of 

DSM systems on the market today on which retrospective analysis can be conducted. However, it is 

recognised that DSM systems are likely to become more prevalent and relied upon in future vehicles.  

Therefore, it is important to understand how acceptable these systems are, to allow us to design and 

implement them in such ways that will be of most utility.  

3. Methods 

To understand the extent to which it is acceptable to employ driver state monitoring within future 

vehicles, this research will survey the public to gather information on the acceptability of DSM systems in 

an automated vehicle context and seek to understand how this may affect intention to use this 

technology. This activity is essential to understand the requirements for this technology, which will ensure 

safe use of automated systems, similarly to how requirements have been developed for vehicle-

pedestrian interaction for automated vehicles (Woodman et al., 2019). The unified theory of acceptance 

and use of technology (UTAUT) was proposed by Venkatesh et al. and is based on the technology 

acceptance model (TAM). TAM is a theory of information systems that shows that when a new technology 

is presented to users, many factors affect their decision on how and when to use it. For example, 

behavioural intention is the factor that causes people to use technology. Behavioural intention (BI) is 

affected by attitude (Atut), which is a general impression of the technology. Davis defines perceived 

usefulness (PU) as "the degree to which people think that using a particular system can improve their job 

performance"; and perceived ease of use (PEOU) is "the degree to which people think that using a 

particular system will not be difficult" (Davis, 1989, p.320). It is also understood that if users believe the 

technology will help their job performance and reduce the difficulty of using the technology this will also 

affect the acceptance of the technology. 

UTAUT integrates rational behaviour theory, planned behaviour theory and other behavioural theories 

and explores factors affecting the general decision-making process and behaviour related to the intended 

use. It is therefore an ideal tool for understanding the acceptance and associated characteristics 

associated with willingness to use a driver state monitoring system. UTAUT integrates the eight most 

commonly used personal acceptance models in the information technology field (Venkatesh et al., 2003). 

Adell et al. and Madigan et al. used the UTAUT model with four exogenous factors and endogenous factors 

for studying the acceptance of in-vehicle systems (Adell et al., 2014; Madigan et al., 2016) which gives 

confidence to the applicability of this tool within this domain. Other research has looked objectively at 

the utility of UTAUT for measuring acceptance of ADAS features within vehicles and has recommended 

and evidenced good utility (Rahman et al., 2017). 
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Despite the proven utility of UTAUT in previous DSM and ADAS domains, the original variable 

establishment in UTAUT was primarily aimed at the acceptance of computer information systems; 

therefore, it requires careful consideration when being applied to other fields. In domains not related to 

computer information systems, it is usually necessary to incorporate new variables with the 

characteristics of the research object to improve the UTAUT model to enhance its interpretation ability. 

For example, Williams et al. proposed an e-learning user acceptance model, by studying the combination 

of characteristics of education and teaching methods to adjust the variables of the UTAUT model (Williams 

et al., 2015). Madigan et al. (2016) added hedonic motivation variables based on UTAUT, to study 

passenger acceptance of automated road transportation systems (Madigan et al., 2016), where hedonic 

motivations refer to one’s joy or displeasure in response to a goal or perceived threat. In the transition 

from L2 to L3 automation level, the acceptance of DSM system belongs to individual psychological 

decision-making behaviour. With flexibility in the model and previous evidence of effective use in the 

automotive domain, there is strong confidence that this framework will enable us to discover the impact 

of various influencing elements on its acceptance from the perspective of the driver. 

3.1 Development of UTAUT framework 

To quantify the acceptance of DSM in future vehicles, this study will collect data using an online 

questionnaire, which can be distributed to a wide audience. In selecting an appropriate framework for 

this study, complementary work in the analysis of a DSM system for non-automated vehicle use was 

considered (Melnicuk et al., 2019). The UTAUT framework used in this previous research was considered 

particularly appropriate where it was adjusted to classify the acceptance of DSM technology into six 

categories: performance expectancy, effort expectancy, attitude towards using technology, social 

influence, anxiety and behavioural intention. When estimating UTAUT, considering the initial structure as 

well as safety-critical opinions of driver state monitoring, the two external factors (attitude toward using 

technology and anxiety) initially used by Venkatesh et al. were also reintroduced into the measurement 

model (Venkatesh et al., 2003) as is also recommended in the previous literature (Melnicuk et al., 2019). 

A Flowchart of our method to apply this framework is presented in figure 1. This framework presents the 

most influential components across both UTAUT and TAM to show all of the relevant factors that influence 

behavioural intention to use, and the ‘path’ by which they influence use. 

Figure 1. Flowchart of Methodology for Assessing User Acceptance  
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Based on the path of the relationship between variables in the UTAUT model, and previous research based 

on DSM for partial driving automation (Melnicuk et al., 2019) and other relevant papers by (Ghazizadeh 

et al., 2012) multiple research hypotheses are put forward and presented in Table 1. Findings by (Adell 

2009) indicated effort expectancy alone did not influence behavioural intention, which was supported by 

(Melnicuk et al., 2019), however, it was reported by Adell that effort expectancy has a positive influence 

on performance expectations and together, they may have a positive impact on behavioural intention, and 

this H1 looks to validate this. 

 Table 1: Research Hypotheses. 

No. Hypothesis  

H1 Effort expectations have a positive impact on performance expectations  

H2 Effort expectations have a positive impact on attitude towards using technology  

H3 Performance expectations have a positive impact on attitude towards using technology 

H4 Anxiety has a negative impact on attitude towards using technology   

H5 Social Influence has a positive impact on attitude towards using technology  

H6 Attitude towards using technology has a positive impact on usage intention   

 

As well as these hypotheses, it is also interesting to explore the extent to which demographic classifiers 

act as moderators on the UTAUT factors and therefore on the overall intention to use this technology. 

This structure including demographic classifiers forms the basic framework and is presented in Figure 2. 

  

 

 

 

 

 

 

 

 

Figure 2: Model Basic Framework. 

It should be noted that there is an assumption that participants were unlikely to have a complete DSM 

system integrated into their vehicle. Therefore, there is a limitation in understanding full acceptance 

behaviour where prior use of a DSM system cannot be understood as a mediating factor. Therefore, this 

article only studies the driver's behavioural intentions for using this driver state monitoring system in the 

close future. This limitation is managed through a comprehensive explanation of a DSM (particularly 
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related to safety aspects) which was given before the survey answers were recorded. If the acceptance of 

DSM is very low, then the driver may refuse to use it. Even if DSM is integrated in the vehicle driven by 

the driver and data collection occurs in the future, the system may be disabled due to driver 

dissatisfaction, or use it in a way unintended by the designer (Horberry et al., 2018). 

3.2 Questionnaire  

The factors and question items related to the DSM system in accordance with the UTAUT framework are 

described in Table 2.  

 Table 2: Description of Variables Included in UTAUT-Based Survey. 

Potential 

variables 
Number Items 

Performance 

expectancy (PE) 

PE1(Q10) I would find the DSM system useful while driving 

PE2(Q11) Using the DSM system would help me to concentrate on 

monitoring traffic conditions 

PE3(Q12) Using the DSM system would reduce my reaction time when 

vehicle control take-over requires. 

PE4(Q13) The DSM system would reduce the risk of being involved in a 

traffic accident 

Effort 

expectancy (EE) 

EE1(Q14) I can interact with the DSM system well. 

EE2(Q15) The DSM system for me would be easy to learn how to use. 

Attitude 

towards using 

technology 

(Atut) 

Atut1(Q16) Using the DSM system is helpful for reducing my inattentiveness 

while driving. 

Atut2(Q17) Using the DSM system would make driving more joyful 

Atut3(Q18) I prefer using my own devices (such as an intelligent bracelet or 

eye-tracking machine) for my state monitoring while driving 

rather than the manufactured pre-implemented devices. 

Social  

influence (SI) 

SI1(Q19) I believe some regulation would come out to support drivers to 

use the DSM system. Many governments of various countries 

plan to introduce policies for compulsory using the DSM system. 

Si2(Q20) My friends’ or families’ recommendations would make me 

consider using the DSM system. 

In reflection of the proposed model and scope for this work, a survey was constructed to address the 

various factors within the UTAUT framework linked to DSM acceptance. Firstly, a detailed description of 

a driver state monitoring system was presented and contextualised for conditional driving automation. A 

description of the levels of driving automation was also provided (see Appendix A) and the details were 

repeated when needed for individual questions to ensure understanding of the proposed technology 

capabilities. Following this introduction, the survey began with questions related to consent to take part 

in accordance with our ethical procedure, followed by demographic questions. After this, 14 items related 

to UTAUT were presented (the first of which began at ‘question 10’). For these UTAUT-related items, Q10-

Q23 were scored using a 7-point Likert scale, from strongly disagree (1) to strongly agree (7). Questions 

related to cost of purchase, use or ownership were omitted from this survey where we were not 

interested in the financial implication of acceptance of this technology at this time.  
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Anxiety (AN) AN1(Q21) Using the system would make me look like someone who cannot 

drive well 

AN2(Q22) I would hesitate to use the DSM system because I’m afraid of 

making mistakes while using it 

AN3(Q23) I wouldn’t spend a lot more money if the DSM system is 

expensive in my vehicle even it can enhance my driving 

performance. 

Behavioural 

intention (BI) 

BI(Q24) I would start to use the DSM (driver state monitoring) system 

 

The survey was posted online using the Qualtrics questionnaire hosting service and was distributed via 

university mailing lists as well as social media platforms, including LinkedIn, Twitter, and Weibo. In total 

311 individual responses were recorded.  

3.3 Data analysis  

To analyse the data, responses were exported from the online questionnaire hosting platform and IBM’s 

SPSS was used. The data is analysed firstly through a reliability analysis. Reliability is a measurement 

method that analyses the consistency of the collected results of the scale. The reliability analysis in this 

article mainly uses Cronbach's Alpha coefficient. Overall, when the Cronbach's Alpha value exceeds the 

value of 0.7 this means that the scale is acceptable and exceeds 0.8 to show good reliability, and it also 

shows high internal consistency of the scale, which lays the foundation for the next step of further analysis 

(Santos, 1999). If the reliability value is no more than 0.7, it means that the questionnaire survey data 

reliability is insufficient and adjustments to the questionnaire structure or sample could be considered 

(Gliem et al., 2003). With reliability assured, validity can then be assessed to ensure the questions are 

effective before final hypothesis testing is conducted to understand the relationship between the UTAUT 

factors and behavioural intention to use a DSM system. Further analysis will then be conducted to explore 

the relationship between the demographic variables and the acceptance of technology based on the 

UTAUT factors. 

As part of the data analysis, a structural equation model (SEM) will be produced. SEM is a multivariate 

statistical analysis method that organically combines multiple regression and principal component 

analysis (PCA) for a series of related causal relationship evaluations (Mueller and Hancock, 2018). When 

faced with a concept that is difficult to describe, we need to find indicators that fit the concept. For 

example, for the concept of health, common indicators such as heart rate, blood pressure or body 

temperature are used to reflect this concept. In our model, we will use variables such as EE, PE, Atut, SI, 

and BI (see Table 2 for abbreviations) to reflect user acceptance and the relationship between the 

variables. After we have a certain amount of data, we may analyse the relationships between indicators 

that are difficult to describe to form an empirical point of view, and SEM is needed. Finally, and to 

conclude the data analysis, we may test our research hypotheses (see Table 1) through conducting path 

relationship tests. 
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The questionnaire was run from 10 August 2020 until 10 September 2020 and in total 311 unique 

responses were collected. The demographic breakdown of responses is provided in Table 3. 

 Table 3: Demographics of Survey Responses. 

Variable Frequency Percent 

Gender Male 165 53.1 

Female 142 45.7 

Other 2 0.6 

Prefer not to say 2 0.6 

Age 21-25 89 28.5 

26-30 105 33.8 

31-35 60 19.3 

36-40 19 6.1 

41-50 21 6.8 

50+ 17 5.5 

Level of currently owned vehicle 

automation 

Level 0 111 35.7 

Level 1 154 49.5 

Level 2 46 14.8 

You usually like to try new 

technologies 

Strongly agree 101 32.5 

Agree 112 36.0 

Somewhat agree 64 20.6 

Neither agree nor disagree 28 9.0 

Somewhat disagree 3 1.0 

Disagree 2 0.6 

Strongly disagree 1 0.3 

 

4.1 Reliability analysis 

Initially, and to understand the suitability of the questions in this questionnaire, the data were explored to 

understand the inclusion/exclusion effects for each question by exploring the scale mean, scale variance and 

Cronbach’s alpha if an item was to be deleted. The initial analysis with Cronbach's Alpha (α) > 0.8 in all cases 

supports the inclusion of all questions and no questions were deleted. In summary of the individual items, 

Table 4 presents the reliability analysis results for each factor. 

Table 4: Cronbach’s Alpha Reliability Statistics for UTAUT Variables 

Factor Reliability α (Cronbach's Alpha) 

Performance expectancy (PE) .889 

Effort expectancy (EE) .805 

Attitude towards using technology (Atut) .906 

Social influence (SI) .860 

Anxiety (AN) .894 

 

4. Results
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All factors in Table 4 (PE, EE, Atut, SI and AN) were shown to have suitable reliability where α>0.07 in all 

cases. 

4.2 Validity analysis 

With reliability assured we can now quantify the validity of the scale in overall structure, which is an 

important criterion for judging the consistency of measurement variables. The first step of principal 

component analysis for validity is to define whether the passing value of a factor is exceeded or not. The 

Kaiser-Meyer-Olkin (KMO) test is used to measure whether the data is suitable for principal component 

analysis. A KMO value between 0.7 and 1 indicates sufficient sampling. Alongside this, the significance of 

Bartlett's sphericity test should be less than 0.05.  

 

It was found that (KMO = .789), and Bartlett’s test of sphericity was significant (χ2 (91) = 2565.387, p < 

.001). This provides a strong basis on which we may reject the null hypothesis of Bartlett sphericity test. 

In this case, the data is proven to be well suited for principal component analysis. 

 

According to the common factor variance, the representativeness of the extracted common factors can 

be measured by extracting each item and calculating the extracting values. If the extracting value exceeds 

the value of 0.5, it shows well representativeness of common factors. All extraction values exceed this 

value which shows the questions represent the associated factors very well. 

According to Table 5, the overall structure is a rotated factor matrix and in terms of the survey, the 14 

questions ‘items’ (Q10-Q23 as presented in Table 2) should be divided into 5 kinds of factors. As denoted 

in the ‘items’ column each question item and its expected component were successfully related where 

for each item load, the values are all larger than the value of 0.5 for the associated component. Also, no 

high double factor load is observed. The gathered items under each component based on the theoretical 

distribution indicate content validity of the questionnaire. The associated eigenvalues have also been 

presented alongside each survey item highlighting the percentage variance. 

Table 5: Rotated Component Matrix of Survey Question Items and UTAUT Components. 

Items Component                                                                   Initial Eigenvalues 

(PE) (Atut) (AN) (SI) (EE) Total % of Variance Cumulative % 

Q10 (PE1) .837 .189 .124 .006 .103 4.520 32.288 32.288 

Q11 (PE2) .824 .108 .065 .069 .118 2.655 18.962 51.250 

Q12 (PE3) .851 .163 -.008 .034 .052 1.972 14.089 65.339 

Q13 (PE4) .868 .052 .119 .054 .176 1.354 9.673 75.012 

Q14 (EE1) .234 .129 .060 .023 .879 1.012 7.230 82.242 

Q15 (EE2) .126 .149 .210 .048 .868 .400 2.857 85.099 

Q16 (Atut1) .175 .884 -.100 .082 .015 .366 2.615 87.714 

Q17 (Atut2) .181 .883 -.053 .109 .187 .331 2.362 90.076 

Q18 (Atut3) .116 .902 .043 .137 .126 .283 2.022 92.098 

Q19 (SI1) .055 .151 .183 .901 .049 .265 1.894 93.993 

Q20 (SI2) .063 .129 .137 .918 .022 .248 1.768 95.761 

Q21 (AN1) .120 -.021 .871 .149 .068 .232 1.655 97.416 

Q22 (AN2) .073 .002 .901 .104 .101 .198 1.416 98.832 
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Q23 (AN3) .060 -.086 .901 .098 .116 .164 1.168 100.000 

(Extraction Method: Principal component analysis. Rotation Method: Varimax with Kaiser Normalization. a. Rotation 

converged in 6 iterations) (PE: Performance expectancy, Atut: Attitude towards using technology, AN: Anxiety, SI: 

Social influence, EE: Effort expectancy) 

4.3 Comparison of demographic differences in each dimension 

With the assurance of the questionnaire design and distinct factors identified, the next step was to 

examine any demographic variations within each of the UTAUT dimensions. To understand the effect of 

demographic variation as moderators for the factors within the UTAUT framework, a series of ANOVAs 

were conducted for the demographic information related to gender, age, current vehicle capability and 

the extent to which people like to try new technology. Unequal group size for many of the demographics 

was noted, but with homogeneity of variance assured there is added confidence to the robustness of this 

initial analysis. There was no significance observed between the age groups, preference towards trying 

new technology groups, or current vehicle capabilities on any of the UTAUT factors where p>0.05 in all 

cases so no further analyses were conducted. However, gender revealed a significant main effect when 

comparing males and females in two factors. In performance expectancy (PE) where F(3, 307) = 4.132, p 

= 0.007 the average score for males was 5.15 (SD=1.02) and for females the average score was 5.32 

(SD=1.12). For Anxiety (AN) where F(3, 307) = 3.021, p = 0.024, males scored an average of 4.13 (SD=1.26) 

and females scored an average of 4.19 (SD=1.32). 

4.4 Structural equation model 

The SEM model has been created and is presented in Figure 3. 

Figure 3: Structural Equation Model (SEM). 

In the SEM model presented in Figure 3, the line between the ellipse and the rectangle represents the 

factor loading value, which is the contribution of each measurement item to the latent variable. The line 
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between the ellipses represents the path coefficient, which is the degree of influence of the independent 

variable on the dependent variable. The variables of SEM are also presented below in Table 6. 

Table 6: Variables of Structural Equation Model (SEM). 

Chi-Square/df GFI AGFI IFI CFI RMSEA TLI PCLOSE 

1.916 .935 .906 .971 .971 .054 .963 .277 

 

Table 6 presents some variables for measuring the goodness of fit of the model, where ‘GFI’ is the 

goodness-of-fit index, ‘AGFI’ is the adjusted goodness-of-fit index, ‘IFI’ is the incremental fit index, ‘CFI’ is 

the comparative fit index, RMSEA is the root mean square error of approximation, TLI is the Tucker–Lewis 

index and ‘PCLOSE’ is the p value which is a hypothesis validation threshold. Generally, to prove that the 

model has good adaptability, χ2/df should be not greater than 3. The values of goodness of fit usually 

need to be greater than 0.9, although if the value just exceeds 0.8, then the model is acceptable (Hair et 

al., 2014). The thresholds for model evaluation is provided by different previous studies where values are 

needed to be Chi-Square/df < 3 (Bagozzi and Yi, 1988), AGFI > 0.8 (Chau and Hu, 2001), RMSEA < 0.08 

(Browne and Cudeck, 1992), CFI > 0.95 (Bagozzi and Yi, 1988), and PCLOSE > 0.05 (Hu and Bentler, 1999). 

In the model presented in Figure 3 all variables are in accordance with the recommended 

minimum/maximum values and therefore a path relationship test was conducted to ascertain the validity 

of the hypotheses presented in Table 7. 

Table 7. Path Relationship Test to Test Hypotheses 

Hypothesis Estimate Residual error t p 
Standard 

coefficient 
Conclusion 

H1 PE<-Ee .421 .068 6.150 *** .425 supported 

H2 Atut<-Ee .316 .080 3.967 *** .294 supported 

H3 Atut<-Si .366 .074 4.916 *** .306 supported 

H4 Atut<-Anxiety -.244 .058 -4.217 *** -.271 supported 

H5 Atut<-PE .267 .070 3.799 *** .245  supported 

H6 BI<-Atut .379 .080 4.724 *** .275  supported 

 

5. Discussion  

Previous literature evidenced that perceived utility was more influential (considering acceptance) than 

the safety benefits (Ghazizadeh et al., 2012) and the research presented in this present study show 

performance expectations have a positive impact on attitude to use the technology, which itself has a 

positive impact on intention to use. This impact highlights the importance of ensuring users are aware 

and educated on the expected performance of DSM systems to ensure use. The way in which such 

performance-related information can be communicated to the driver can be through the user interface, 

further highlighting the importance of user-interface design for automated vehicles (Detjen et al., 2021). 

Additionally, by considering the ‘reverse’ of this finding, we can consider that system errors including false 

reports/alerts for a DSM system, will likely negatively affect performance expectations and therefore 

intention to use. It is recommended that significant testing and validation of technologies are tested 
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before implementation, where the challenges between lab-based and ‘real-world’ testing for human 

monitoring has already been raised as a concern (Smyth et al., 2020). In an automated vehicle context, it 

has also been shown how when an automated driving system fails to identify an ‘event’ there is a 

significant reduction in user trust in the system (Azevedo-Sa et al., 2020) which provides evidence for the 

importance of robust system design and how failures, misreadings or ‘false alarms’ will likely negatively 

impact acceptance through impacting performance expectancy. 

Hypotheses were set based on expectations from previous research exploring acceptance of DSM and 

ADAS individually, Table 1. This previous knowledge afforded the ability to test the relationship between 

UTAUT factors. It was shown that all hypotheses were valid, and it was therefore shown that: 

 Effort expectations (EE) have a positive impact on attitude towards using a DSM system and this 

factor continues to be considered as a useful indicator of intention to use a DSM system.  

 Performance expectations (PE) have a positive impact on attitude towards using a DSM system 

and this factor continues to be considered as a positive indicator of behavioural intention for 

new technology. Gender was shown to be an influential moderator in this relationship where it 

was shown performance expectations were more influential for females compared to males for 

behavioural intention to use. 

 Social Influence (SI) has a positive impact on attitude towards using a DSM system and this factor 

continues to be considered as a useful indicator of intention to use a DSM system. 

 Attitude towards using technology (Atut) has a positive impact on attitude towards using a DSM 

system and this factor continues to be considered as a useful indicator of intention to use a DSM 

system. 

 Anxiety (AN) has a negative impact on attitude towards using the DSM system and is shown to 

be a useful factor for indicating a reduced intention to use new technology. Here also gender was 

shown to be a moderating factor with anxiety-related factors shown to be even more influential 

for reducing the behavioural intention to use for female respondents.  

Overall, providing evidence to prove these hypotheses may help in the design of future DSM systems 

where we have a greater understanding of the factors that will encourage the use of a DSM system when 

made available. It must be considered that vehicle users are unlikely to be familiar with the technology 

within their vehicles, as the engineers who designed it will be. Therefore, with a greater understanding of 

the factors related to increased (and decreased) acceptance of these technologies, manufacturers may 

consider how the driver is (for example) educated on the utility of the system and can understand the 

implementation and performance of the technology itself. Importantly however it must be considered 

that the data collected on which acceptance of the DSM systems was analysed was based on the bias that 

a DSM system may have a positive impact on safety. The acceptance for a DSM system may change if the 

primary function differs (such as purely as a comfort promoting technology).  

It was found from this research that the strongest influencer for a DSM system in an automated vehicle 

context was effort expectancy. This finding helps designers consider how DSM technology should be 

implemented and places an onus on user interaction designers to ensure the implementation requires 

minimal effort on behalf of the user, to ensure its acceptance. This presents a potential challenge, 

whereby wearable devices (such as smart wrist bands) currently provide the most reliable driver state 

monitoring (Choi et al, 2018) and there are technological challenges currently with today’s vehicle-

integrated DSM systems (Melnicuk et al., 2016). Technologies such as eye-tracking are proposed for future 
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DSM systems, yet the challenge remains for effective, but low effort implementation of this technology. 

For example, there are effective methods for implementing calibration-free eye tracking for head-

mounted eye-tracking devices (for example see Liu et al., 2020)) yet wearable devices will inevitably 

negatively affect effort expectancy. Challenges remain about the applicability for eye-tracking systems 

when users wear sunglasses, but we also now highlight the importance of vehicle-integrated and 

calibration-free eye tracking which is more likely to be acceptable to users. This in itself highlights a 

potential limitation of this work where it is uncertain if survey respondents considered the use of 

sunglasses in their answers. 

Previous literature indicated that as participants’ age increases, the acceptance of new technology drops. 

Morris and Venkatesh found that the technology usage of young people is strongly affected by the 

attitude towards technology, while the technology usage of old people is more affected by subjective 

norm and perceived behavioural control (Morris and Venkatesh, 2000). However, the research presented 

in this current paper identified that age as a moderator had no significant effect on any of the UTAUT 

factors and therefore on intention to use the technology. It is plausible that the aforementioned factor of 

older people being influenced by ‘subjective norms and perceived behavioural control’ may not apply to 

a technology that is integrated into vehicles and is more suitably considered for a non-integrated product. 

However, we do not have the data to explore this where this survey was based on the explanation of a 

vehicle already containing a DSM system. It must also be pointed out that the data collected was not 

evenly distributed across all ages, with a bias towards younger participants – possibly due to the 

convenience sampling technique and online questionnaire hosting.  

The result of a lack of age effect in overall intention to use may be better explained by two competing 

variables consistent with another question in the survey: whether ‘you like to try new technologies. It is 

known that younger participants are more inclined to try new technologies, and this is often shown to 

have a negative correlation to anxiety factors. However, implementing DSM system may increase the price 

of a vehicle which is generally perceived negatively by all, but the participants in the older group are more 

inclined to use features to increase safety rather than give up using the system. Cost implications were 

not fully explored within the questionnaire to allow focus on the technological implications related to 

acceptance, however this may be considered a limitation of this study. Nasab et al., proposed that the 

more positive safety attitude grows with the increasing age (Nasab et al., 2009) which is likely an impacting 

factor within our sample, especially so where our explanation of the DSM system was primarily related to 

safety.  

Interestingly, responses to the demographic-related question of ‘you usually like to try new technology’ 

did not appear to be an impactful moderator on any of the UTAUT factors. However, the data collected 

was heavily skewed towards those who ‘strongly agree’ and ‘agree’ with that statement, so we cannot 

make any reliable conclusions on this factor as a moderator and note this as a limitation of this study.   

Looking at the frequency of driving, 54.7% of the sampled participants said that they drive every day, and 

most of the remaining participants also keep driving regularly. As previously expected, when choosing 

"when to start using the DSM system", most participants chose "start to consider using", which can play 

a positive role in the popularization of the DSM system. Those participants who drive every day are most 

eager to use the DSM system. As the frequency of driving decreases, the participants’ intention to use 

DSM tends to decrease. This may be due to a lower state of familiarity or routine with a vehicle could 
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result in a DSM system being perceived as a distraction factor in a complex environment that requires 

attention to dynamics during driving (Bergeron and Paquette, 2014). 

At the time of the study, Level 3 automated vehicles were not commercially available, therefore there 

were only three options available to participants, from Level 0 to Level 2. Of our sample, most participants 

own vehicles with Level 1 capabilities, but some also have Level 2 and Level 0 vehicles. With a greater 

experience of higher levels of automated vehicle technology, participants are more inclined to use DSM 

systems. One of the reasons for this may be that most of the Level 0 cars still in use are old cars that 

participants have used for a long time. Participants have a deep understanding of various performance 

indicators and parameters of the car and are more likely to be older drivers with a higher driving 

experience. These factors are known to have a positive effect on driving performance, (Horberry et al., 

2003) so they likely think the DSM system is not necessary (Abbink et al., 2012.). It is also possible that 

those with greater experience of these systems have a better idea of the effort required to use them, 

where effort expectancy was shown to be the most influential factor for acceptance of DSM. However, in 

general, participants who use Level 2 cars have a better understanding of ADAS functions and have a 

better understanding of the help that DSM systems can bring, and they are more willing to have the DSM 

system in their vehicle. (Jipp, M., 2014). This is an interesting point to compare to the data presented in 

this present study, where although performance expectancy was influential on behavioural intention to 

use, it was less important relative to effort expectancy, social influence and attitude toward technology.  

The considerations of current vehicle use and the effect this has on acceptance of technology reveals a 

significant challenge for understanding acceptance of future vehicle technology, where methods such as 

the UTAUT are more beneficial when participants have experience with the systems that are being 

researched. However, looking to understand the factors of acceptance within technologies before they 

are widely available is crucial for understanding how to implement the technology whilst it is still in 

development, and this paper confirms the UTAUT factors as being influential to DSM.  

6. Conclusion 

This study applies the unified theory of acceptance and use of technology (UTAUT) model to understand 

the acceptance of driver state monitoring (DSM) systems, primarily related to a safety-based use case for 

future partially and conditionally automated vehicles. It identified that the factors of effort expectancy, 

performance expectancy, social influence, and attitudes towards using new technology, are all positively 

related to overall behavioural intention, whereas anxiety is negatively related. Overall it was found that 

effort expectancy was the strongest influencer on intention to use this technology and recommendations 

are put forward highlighting the importance of integrated DSM systems (as opposed to wearable devices). 

In many domains, calibration-free psychophysiological tools are being developed and this will be an 

important influencer on acceptance of DSM. The influence of performance expectancy is also discussed 

where the implementation of a DSM system both in its technological capability and human-system 

interaction is also of vital importance to maintain strong performance expectations on behalf of the users. 

Interestingly, and slightly in opposition to previous literature there was minimal demographic variation 

across these factors and personal characteristics such as age or willingness to try new technology, were 

shown not to be moderators of any factors related to acceptance of DSM. However, a limitation of this 

study is highlighted in that age of respondents was skewed towards younger adults (as is a common 

limitation to online surveys). Gender was a significant moderator for both performance expectancy and 

anxiety however, where it was shown that females (when compared to males) were influenced by a 
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greater degree by both performance expectancy and anxiety in relation to their acceptance of DSM. 

Although future development, marketing and user education of these systems should remain considerate 

of all demographics with both individual and group needs, particular consideration should be given to 

managing performance expectancy and anxiety-related effects to ensure acceptance between the sexes. 

Future research should continue to explore how DSM systems can be developed in an integrated and 

calibration-free way to minimise effort on behalf of the user. Such technological ‘limitations’ should also 

be considered from a policy perspective, where requirements of specific DSM technology must be based 

on evidence of the ability to integrate this technology in a user-considerate manner and without 

negatively affecting acceptance (e.g., vehicle-integrated, calibration-free eye tracking). Manufacturers 

should consider how user interaction design can be employed to ensure performance expectancy is 

managed for users (e.g., minimising false alarms and assuring reliability).  
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Appendix A: Description of automated vehicles given to participants.  

Description of levels of autonomy: Level 0 (No Driving Automation): manual control. The dynamic driving 

task is performed by a human driver, even though there are assists from a system such as Electric Power 

Steering (EPS); Level 1 (Driver Assistance): the system can perform a single driving task such as lane-

keeping assistant; Level 2 (Partial Driving Automation): An advanced driver assistance systems (ADAS) is 

capable for providing multi-task driving, for example, both steering and accelerate/decelerate function. 

However, constantly monitoring the environment is needed. Level 3 (Conditional Driving Automation): 

the vehicle is capable of environmental perception, but the driver is required to be ready to take over 

vehicle control at any time; Level 4 (High Driving Automation): the role of taking overturn to be the system 

instead of human drivers. In most circumstances, there is no human interaction required; Level 5 (Full 

Driving Automation): No human driver is needed. The vehicle can cope with all situations. 

 

 


