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A B S T R A C T   

Fully automated vehicles (FAVs) have the potential to improve road safety and reduce traffic 
congestion and emissions. Most studies of acceptance of FAVs have focused on motor vehicle 
users, largely ignoring other road users, such as cyclists. This study investigates the factors that 
influence cyclists’ receptivity towards sharing roads with FAVs and their behavioural intentions 
in interactions with FAVs. The online survey collected information on participant demographics 
(e.g. age, gender, crash experience), self-reported on-road cycling behaviours (e.g. violations, 
errors, positive behaviours) and their receptivity towards sharing roads with FAVs (e.g. attitude, 
social norms, trust). Three typical cyclist-vehicle interaction scenarios were presented to test the 
cyclists’ intention to engage in self-protective behaviours (e.g. giving a hand signal, giving way or 
moving over) during the interaction with a FAV. Three hundred and fourteen Australian adults 
(106 females vs 208 males) who had ridden a bicycle at least once in the past year completed the 
survey. The results show that older cyclists and male cyclists had a lower receptivity towards 
sharing roads with FAVs than younger cyclists and female cyclists, respectively. Cyclists who 
reported being involved in a bicycle crash in the last two years and those who reported 
committing more errors on roads were more willing to share roads with FAVs. Cyclists who had a 
higher propensity to risky behaviours and positive behaviours were less likely to take intended 
self-protective behaviours during interaction with FAVs. Findings of the study provide some in
sights from the cyclist’s perspective to facilitate the development and implementation of auto
mated vehicles.   

1. Introduction 

Automated vehicle (AV) technologies have developed rapidly in the last decade with great potential for reducing traffic crashes, 
congestion and emissions. According to the SAE International classification system (SAE, 2018), Level 5 vehicles are fully automated 
vehicles (FAVs) and should be able to perform all types of driving tasks in any environment and conditions without driver intervention. 
Despite the powerful capabilities and potential benefits of FAVs, their introduction into the road transportation system still faces many 
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challenges. Ensuring that all road users in the transportation system interact with FAVs safely and efficiently is a complex issue, which 
will directly influence the successful implementation of FAVs (Merat et al., 2018). 

Cycling is a healthy, sustainable, and cost-effective form of transport and it is also an important leisure and health activity. All these 
benefits together with the need for more sustainable transport have resulted in the growth in cycling worldwide. For example, bicycle 
modal share is over 30% in both Copenhagen and Amsterdam (CIVITAS, 2016). In the U.S., the numbers of cyclists increased by 4.5 
million between 2015 and 2017 (Statista, 2018). However, the integration of bicycles in current transport systems has been chal
lenging due to present policies that have placed motorised vehicles at the centre of transport and city planning in many jurisdictions 
(Useche et al., 2018a; Aldred, 2013). Current safety issues between cyclists and motorised transport question a future when FAVs are 
ubiquitous. 

The lack of effective integration between cycling and motor vehicles has resulted in important safety issues. In low cycling countries 
where cyclists are often not separated on the road from motor vehicles, the numbers of cyclist casualties have been increasing (Beck 
et al., 2017; Boufous et al., 2012; Useche et al., 2018a). A comprehensive study in Victoria, Australia, found that motor vehicles were 
involved in 90% of police reported cycling crashes with 34% of these resulting in serious injury to the cyclist (Boufous et al., 2012). 
Indeed, crashes between bicycles and motor vehicles are the primary contributor to cyclist trauma (Prati et al., 2018; Johnson et al., 
2010). Drivers are more often at fault in these crashes than cyclists (Schramm et al., 2010; Haworth et al., 2019) though cyclists’ lack of 
notice and misunderstanding of the situation are also contributing factors (Habibovic and Davidsson, 2012). It is predicted that FAVs 
have the potential to reduce or even eliminate these crashes. 

1.1. FAV deployment and potential impact on cyclists 

Conflicts between cyclists and motor vehicles have caused long-standing safety issues. The deployment of AVs is expected to have a 
significant impact on the future road transport system, as they promise to offer benefits by creating a safer, more inclusive and sus
tainable traffic environment (Booth et al., 2019). However, FAVs are not yet available in the market, and it is also difficult to foresee 
their arrival time. Up till now, little is known about the actual impacts of FAVs on cyclists and whether the impacts will be positive or 
negative in general. 

Cyclists constitute as a group of vulnerable road users in road transport system whose safety has received continuous attention. 
Cyclists behaviour and their interaction with motor vehicles have been studied extensively in the past due to their close link with crash 
risk. When considering a comprehensive examination of cycling behaviours, the self-reported behaviour questionnaire paradigm has 
been widely used. For example, Useche et al. (2018b) developed and validated a Cycling Behaviour Questionnaire which has been 
increasingly applied by other studies to measure three dimensions of cyclist behaviours, i.e. violations, errors and positive behaviours. 
Using this paradigm, cyclists behaviour traits and its relation to individual characteristics and crash involvement have been consis
tently reported. Studies have shown that cyclists who reported more violations, errors and less positive behaviours on roads were more 
likely to be involved in crashes (O’Hern et al., 2020; Li et al., 2022). Cyclist characteristic also play a certain role in impacting be
haviours. Male cyclists were found to engage in more violations and fewer positive behaviours than female cyclists in general (Useche 
et al., 2018c; Li et al., 2022). Younger cyclists were more likely to engage in risky riding behaviours than their older counterpart (Twisk 
et al., 2015; Li et al., 2022). Additionally, prior research has also identified typical collision scenarios involving cyclists and vehicles. 
For example, research has found that in a shared road space, vehicles overtaking cyclists created dangerous conflicts and imposed great 
risks on cyclists’ safety (Dozza et al., 2016; Kovaceva et al., 2019). Cyclists’ colliding with an open door from a parked vehicle was 
another event that received increasing attention worldwide (Lawrence et al., 2018; Johnson et al., 2013). As compared to other types 
of road users such as motor vehicles and pedestrians, cyclists’ movement trajectory on roads is more flexible in nature. Thus, for the 
advanced automated vehicles, it is critical for them to be equipped with the ability to precisely detect cyclists and recognise their 
behavioural intentions. 

From a technical perspective, FAVs are equipped with advanced devices (e.g. sensors and cameras) and technologies to detect road 
environment and other road users, and they are expected to follow strict safety rules. However, this safety features might lead to 
unexpected outcomes. A critical one is the road users’ over-reliance on FAVs’ capability, thus generating a false sense of security 
(Harper et al., 2016). This false sense may encourage road users to exhibit unsafe or risk-taking behaviours in front of FAVs (Liu et al., 
2020). To minimise risks, the implications of FAVs for cycling safety should be considered in a prospective manner, and a preceding 
step is to understand cyclists’ perceptions of FAVs and their behavioural intention during the interaction with FAVs. 

To achieve a smooth and successful adoption of AVs, public acceptance is important. It should be highlighted that public acceptance 
of AVs not only include the potential buyers’ acceptance of using this kind of technology but also other road users’ willingness to share 
roads with them. The literature shows that research relating to public acceptance of private (Level 3–5) AVs has typically focused on 
assessing drivers’ a priori acceptability of AVs (i.e., acceptability before experiencing an AV; Regan et al., 2014; Payre et al., 2014; 
Kaye et al., 2020; Jing et al., 2020). Nevertheless, research on vulnerable road users’ perceptions of AVs is now emerging. Deb et al. 
(2017) developed a questionnaire to assess pedestrians’ receptivity towards FAVs, and their study found that pedestrians who show 
more positive behaviours on roads tend to have more positive belief regarding FAVs’ improvement on traffic safety. Penmesta et al. 
(2019) examined perceptions towards Uber self-driving AVs in Pittsburgh, US. Compared to pedestrians and cyclists who had not 
previously interacted with these AV, those pedestrians and cyclists who had interacted with these AVs were significantly more likely to 
have positive attitude towards self-driving AVs and perceive that self-driving AVs had the potential to reduce traffic-related injuries 
and fatalities. In another US study, Pyrialakou et al. (2020) used ordered probit models to examine perceived safety near self-driving 
AVs. They found that participants perceived driving near a self-driving AV to be safer than walking and cycling near a self-driving AV. 
Further, walking near a self-driving AV was perceived to be safer than cycling near a self-driving AV. Merat et al. (2018) examined 
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pedestrians’ and cyclists’ perceptions towards interacting with fully automated passenger shuttles across three countries: France, 
Switzerland, and Greece. The findings emphasised the importance of road markings, with participants reporting higher perceptions of 
safety when the vehicle was operating in designated lanes. Receiving communication of the vehicle’s intention was also important to 
participants. Rodrígues (2017) examined vulnerable road users’ (N = 198) perceptions towards interacting with traditional motor 
vehicles compared to WEpods (a type of shared FAV). They found that over 50% of the sample reported that they currently base their 
actions on eye contact or gestures provided by the driver of a vehicle. Further, cyclists reported that they would feel significantly safer 
sharing the roads with traditional vehicles at unsignalized interactions compared to WEpods. However, when sharing roads in general, 
cyclists reported that they would feel significantly safer sharing roads with WEpods compared to traditional vehicles. Collectively, 
these studies highlights some of the key factors influencing users’ acceptance of private and shared FAVs. The current study extends 
upon this research by examining the perceptions that cyclists residing in Australia have towards sharing roads with FAVs. 

1.2. Research objectives 

Public acceptance will play a vital role in the widespread adoption of FAVs. Many studies have investigated the acceptance of 
conditional to FAVs from the potential users’ or buyers’ point of view. Few studies were conducted from the vulnerable road users’ 

Table 1 
Online experiment scenarios.  

Scenario description Question 

Scenario 1 - Crossing the path of an oncoming FAV: You are riding a bicycle on a busy urban street when you 
decide to turn right a long way in front of a FAV. Based on this scenario, please answer the following question.   

How likely are you to give a hand signal 
that you are turning right? 

Scenario 2 - Cycling beside a parked FAV: You are riding a bicycle next to parked vehicles on a busy urban street. A 
FAV pulls into a parking spot and you think passengers are about to get out of the right-hand-side of the FAV. 
Based on this scenario, please answer the following question.   

How likely are you to move over or slow 
down to avoid a door collision? 

Scenario 3 - Cycling in front of a FAV: You are riding a bicycle on a street with other vehicles. You notice a FAV 
approaching from behind in the same lane, needing to overtake you. Based on this scenario, please answer the 
following questions.  

How likely are you to maintain your 
position in the lane?  
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perspective, especially cyclists who are expected to have frequent interactions with FAVs. Besides, most of the previous studies that 
involved cyclists focused on a specific AV prototype and investigated cyclists’ general safety perceptions when interacting with that 
AV. A major difference of future FAV and the present AV prototype is that FAV will be capable to handle all driving conditions without 
human intervention (SAE, 2018). This essential difference could generate more uncertainties of other road users’ responses and 
interaction behaviours once they are aware of the vehicle’s capabilities. However, up to date little is known about cyclists’ receptivity 
towards sharing roads with FAVs, their behavioural intentions in the presence of FAVs and the underpinning factors (especially their 
current behaviour traits). To bridge these research gaps, the study conducted an online survey with two research objectives: (1) to 
examine cyclists’ receptivity towards sharing roads with FAVs and its relationship with their current cycling behaviours on roads and 
individual characteristics; and (2) to identify the factors rising from the first research objective that impact cyclists’ interaction 
behaviour intentions in front of FAVs. The main research question to be addressed in this study is whether and how cyclists’ general 
behaviours at present can predict their future interaction behavioural tendency with FAVs. 

2. Method 

This research involved an online experiment and questionnaire following a cross-sectional design. The research was approved by 
the Ethics Review Committee of the Queensland University of Technology (QUT) (Approval Number: 1900000669). 

2.1. Participants 

A total of N = 314 participants, including N = 106 females and N = 208 males, fully completed the survey. Another N = 105 
participants started the survey but did not complete all items and were excluded. The participants’ average age was 39.44 (SD = 14.92) 
years old ranging from 18 to 79 years old. Of all the participants, 18.15% had Completed Year 12 (equivalent to high school degree), 
20.06% had Certificate or Diploma, 38.22% had a Bachelor’s Degree, and 19.11% had a Master’s Degree or higher. Participants 
primarily rode a bicycle for commuting or utilitarian (37.26%), recreation or leisure (37.26%), or fitness or health purposes (25.48%). 
Their average riding time was 3.71 h/week (SD = 4.08 h/week) and about 70% (N = 220) of the participants reported riding a bicycle 
for at least 2 h/week. Overall, 15.6% of the participants reported having least one crash in the past two years when riding a bicycle on 
the road. 

2.2. Online experiment 

Three scenario-based questions were designed to investigate the cyclist’s intentions of initiating self-protective behaviours when 
interacting with a FAV in specific situations. In this study, the self-protective behaviour is defined as a momentary action or response 
that cyclists take at a particular situation to increase their safety on road. The selected scenarios described typical interactions with 
motor vehicles that a cyclist in Queensland (Australia) would commonly encounter while riding on the road. These scenarios all 
involved a certain extent of crash risk, which could result in cyclists initiating intended self-protective behaviours during the inter
action with vehicles. The following introduction text was provided to participant before the scenario: “As a cyclist, please imagine the 
following described scenarios in which you will interact with a FAV on the road. In these scenarios, it is assumed that you can tell whether a car is 
a FAV without difficulty“. Participants then viewed the image and written text of each scenario outlined in Table 1. 

As shown in Table 1, the first scenario describes a cyclist intending to turn right in front of an oncoming FAV, and response to the 
question represents the cyclist’s intention to give a hand signal to a FAV. For the interaction between cyclists and motor vehicles, using 
hand/arm signal is deemed as an effective way to communicate the cyclists’ intention (Walker, 2005). The second scenario describes a 
cyclist riding past a parked FAV, and the response indicates the likelihood that the cyclist would move over or slow down to avoid a 
door collision (both behavioural options were deemed as cyclists’ self-protective behavioural intention). This scenario was considered 
as the cyclist-open vehicle door collision, which is a frequent cyclist crash type and could result in fatal outcomes for cyclists in 
Australia (Johnson, et al., 2013). The third scenario describes a cyclist riding on the road with a FAV approaching from behind, and the 
response reflects the likelihood that the cyclist would maintain his/her position in the lane, rather than making way for the vehicle. 
This scenario specifically tested the cyclist’s attitude and behavioural intention when they were sharing the same lane with FAVs with 
the interaction initiated by the FAV. This scenario was selected because previous research reported that cyclists are frequently harassed 
by drivers who follow them too closely in Australia which increase the overall risk perception of cycling (Heesch et al., 2011&2018). 

It can be seen from Table 1 that only general information was provided for each scenario without detailed descriptions of the 
situation such as the vehicle speed, vehicle distance, speed limit, cyclist position or surrounding traffic. The purpose was to identify 
participants’ generic response in this type of situation, without being biased by a specific environment element. For example, a speed 
limit of 20 km/h or the vehicle being far away may reduce the likelihood of using a hand signal in Scenario 1. Moreover, as the study 
focused particularly on cyclists’ self-protective behavioural intention across various situations, only one type of behaviour option was 
provided following each corresponding scenario. The intention was measured by the likelihood on a 5 point Likert-scale (1 =
“extremely unlikely”, 2 = “unlikely”, 3 = “neutral”, 4 = “likely”, 5 = “extremely likely”). 

2.3. Questionnaire 

Before the participants were presented with the experimental scenarios and questions, they firstly needed to complete an online 
questionnaire which mainly includes three sections as described below. 
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1) Cyclist demographic questions (6 items), which include participants’ age, gender, education level, riding motivation, riding time 
and crash experience. 

2) Cycling Behaviour Questionnaire (CBQ, 44 items, adapted from Useche et al., 2018b). The CBQ consists of three types of behav
iours: violations (16 items), errors (16 items) and positive behaviours (12 items). All CBQ items used a 5-level frequency-based 
response scale with 1 = “never”, 2= “hardly ever”, 3 = “sometimes”, 4 = “frequently”, 5 = “almost always”. The CBQ has been 
validated in prior research as a self-report tool to measure cyclists’ risky and positive riding behaviours (Useche et al., 2018b).  

3) Cyclist receptivity towards sharing roads with FAVs (18 items, adapted from Deb et al., 2017). This section includes 18 items to 
measure five factors of behavioural intention: five items for attitude, three for social norms, five for trust, two for compatibility, two 
for system effectiveness, and one shared item for both compatibility and system effectiveness. Specifically, the “attitude” factor 
measures the individual’s overall positive or negative feelings towards FAVs; “social norms” refers to the individual’s perception of 
what other people whose opinion is important to them think about FAVs; “trust” is defined as the individual’s belief that a FAV can 
perform its intended task efficiently; “system effectiveness” means the extent to which a FAV successfully detects other road users 
and obstacles on the road and takes appropriate actions accordingly; and “compatibility” represents the degree to which a FAV is 
perceived as being compatible with the existing transportation system. The items of the receptivity questionnaire were scored on a 
7 point Likert-scale (1 = “strongly disagree”, 2 = “moderately disagree”, 3 = “somewhat disagree”, 4 = “neutral”, 5 = “somewhat 
agree”, 6 = “moderately agree”, 7 = “Strongly agree”). 

Additionally, between the CBQ and FAV receptivity sections, an item to assess the participants’ prior knowledge of AVs was asked 
(“Before today, have you heard of the term ‘automated vehicle’?”). A comprehensive text introduction of FAV (Deb et al., 2017) was 
also provided to participants before they started to answer the receptivity questionnaire. The complete questionnaire can be found in 
the Appendix. 

2.4. Data collection 

The survey was created using the Qualtrics online survey design platform (https://www.qualtrics.com). Data collection was 
conducted in different ways. A global online market search firm, Dynata (https://www.dynata.com), was invited to provide survey 
administration and dissemination, and data collection and cleaning services. Dynata has access to a large, diverse pool of participants 
with whom they have built ongoing relationships. In addition, the online survey was disseminated using social media (e.g. Facebook, 
Twitter) and electronic mail through QUT mailing lists. Respondents were required to be living in Australia, over 18 years old and have 
ridden a bicycle on roads during the past 12 months. The survey took about 20 min to complete and the respondents were assured that 
participation was voluntary. The 314 complete participant samples included 254 collected from social media and emails and 60 
collected from Dynata. Participants who joined the study through social media or email were provided a chance to win 1 of 10*50AUD 
shopping gift cards to thank for their participation. For participants recruited through Dynata, the incentives were provided by Dynata 
in a form of membership rewards. 

3. Results 

3.1. Data analysis 

Cyclists’ behavioural intentions when interacting with FAVs in specific situations are measured in this study using a series of 
questions such as “How likely are you to give a hand signal that you are turning right?”. Since participants’ responses to these questions 
are discrete and ordered, e.g. “extremely unlikely”, “unlikely”, “neutral”, “likely”, “extremely likely”, ordered discrete response models 
are needed to evaluate these types of responses (Oviedo-Trespalacios et al., 2020). Unordered or nominal discrete choice models ignore 
the order of these responses and treat the above discrete categories as nominal categories. A consequence of this mistreatment is that 
the parameter estimates will have larger variance (i.e. loss of efficiency) if unordered models are used for the ordered dependent 
variables (Washington et al., 2020). As a result, ordered discrete response models are used for the data analysis in this study. However, 
an important limitation of these models is that model parameters are assumed to be fixed across individuals. This assumption may not 
always hold due the unobserved differences among individuals in the sample data. These unobserved differences may arise from the 
lack of available information and may result in varying effects of explanatory variables on the dependent variable. This phenomenon is 
referred to as unobserved heterogeneity in the sample (Mannering et al., 2016) and needs to be accounted for within ordered response 
models. Mixed specification of ordered response models is one of the most common approaches in addressing unobserved heteroge
neity in transport applications (Mannering et al., 2016; Afghari et al., 2020) and thus is used in this study. In addition, Principal 
Component Analysis (PCA) is used in this study to minimize autocorrelation and summarize data to be used in the mixed ordered probit 
models (more on this will be presented in the following). The details of mixed ordered response model specification and the PCA are 
presented in the following sections. 

3.1.1. Mixed ordered response model specification 
Let Yi be the dependent variable representing the likelihood of cyclist i intending to behave in a particular way when interacting 

with a FAV in specific situations (e.g. moving to the left, giving hand signals, staying in the middle of the lane), and let s (s = 1, 2, 3, …, 
S) represent ordinal categories of this dependent variable (i.e. extremely unlikely, unlikely, neutral, likely, extremely likely). To construct 
the mixed ordered response model, an underlying latent variable is defined by a linear propensity function for the dependent variable 
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as in the following: 

Yi = βXi + εi (1) 

Where β is the vector of parameters, Xi is the vector of covariates (cyclist’s demographic characteristics, behaviours on road, 
attitude, trust, etc.) and εi is idiosyncratic error terms assumed to be identically and independently distributed across observations in 
this equation. To account for the unobserved heterogeneity in the effects of explanatory variables on the dependent variable, model 
parameters are allowed to vary across respondents: 

βi = βj + δi and δi Normal (0, υ) (2)  

where βj and υ are the mean and standard deviation of parameters across respondents. If the standard deviation of the normal dis
tributions are zero (υ = 0), the model will reduce to the regular ordered response model. The latent variable is then mapped to the 
actual categories of the dependent variable by thresholds (τ) such that: 

Yi = S if τ(s) < Y*
i < τ(s+1) (3) 

Implying that when the latent variable is within τ(s) and τ(s+1), the likelihood of cyclist i initiating a behaviour of a certain type in a 
scenario is equal to category s. To estimate the latent propensity of the dependent variable, it is assumed that: 

E(Ys
i |Xi) = Hs

i (.)where 0 ≤ Hs
i (.) ≤ 1 and

∑S

s=1
Hs

i = 1 (4) 

Where Hs
i (.) is the probability density function for the category s of the dependent variable. Hs

i () can take standard normal or 
standard logistic probability density functions for the ordered probit or ordered logit models, respectively. The former functional form 
is used in this study to construct a mixed ordered probit model of cyclists’ receptivity towards automated vehicles. The probability of 
each category of the dependent variable is then presented as: 

P(Yi = s) = φ{τ(s+1) − (βiXi)} − φ{τ(s) − (βiXi)} (5) 

Here φ(.) is the standard normal cumulative probability density function. The probability of initiating behaviour by cyclist i can be 
obtained as: 

P(Yi) =
∏S

s=1
P(Yi = s)I (6) 

Where I is an indicator variable taking binary values − 1 for the chosen category and 0 for the non-chosen category of the dependent 
variable. The corresponding likelihood of the dependent variable over the entire observations is obtained as: 

l =
∏N

i=1
(

∫

β

P(Yi)dβ) (7) 

The above likelihood function can be estimated by the Maximum Simulated Likelihood Estimation technique (Bhat and Srinivasan, 
2005). Finally, the Akaike Information Criterion (AIC) is used to compare the goodness of fit among different variants (mixed or 
regular) of the ordered probit model and to select the final parsimonious model for making inferences about explanatory variables. AIC 
is defined as (Washington et al, 2011): 

AIC = − 2log(L)+ 2P (8)  

where L is the likelihood of the model at convergence and p is the number of estimated parameters and the model with a lower AIC is 
generally preferred over the other models. 

3.1.2. Principal component analysis 
Autocorrelation or the correlation among several variables of the same kind is a common problem in statistical analysis of survey 

data in behavioural research (Huitema, 1986; Huitema and McKean, 1991). Autocorrelation arises when there are too many questions 
in the survey that may capture the same behaviour. One way of dealing with autocorrelation is to simply use the average of all items 
within a category as a representative of that category. The average, however, may not properly capture the variability in the original 
items. Principal Component Analysis (PCA) is an alternative approach used in the statistical literature (Tipping et al, 2001) to sum
marize data when there are too many variables in the analysis (Henry and Hidy, 1979). The PCA creates a set of new variables, referred 
to as principal components (PC), each of which is a linear and orthogonal combination of the original variables in such a way that each 
orthogonal combination captures the maximum variability in the original set of variables and has the minimum autocorrelation with 
other linear combinations: 

PCi =
∑m

j=1
wjxj (9) 
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where PCi is the ith principal component, wj are factor loadings, and xj are the standardized form of the original variables. The principal 
components can be obtained by applying the orthogonal transformation and finding the Eigenvectors and Eigenvalues of the Spearman 
correlation matrix of the original set of explanatory variables. The principal components are then arranged based on their decreasing 
contribution to the total variance of the original set of explanatory variables: the first principal component explains the highest 
variability in the explanatory variables; the second principal component explains the second highest variability in the explanatory 
variables, and so forth (the cumulative contribution of all principal components is equal to 1). These principal components can then be 
used in the analysis as representatives of the original set of variables. The number of principal components to be used in the model 
depends on the specific research objective, though the common practice is to use all principal components with Eigenvalues greater 
than one. However, in the context of this study, the first principal component is selected as the most appropriate representative of all 
items within each category of variables. 

3.2. Data base 

Table 2 shows the descriptive statistics for all the variables in this study. The responses are displayed as percentages except for age, 
riding time and crash count. For convenience of presentation of the cyclist receptivity questionnaire, responses of moderately disagree 
and somewhat disagree were merged into a new category, disagree. Similarly, responses of moderately agree and somewhat agree were 
merged into a new category, agree. 

3.3. Correlation analysis 

Pearson correlation coefficients were first calculated for the variables in this study to obtain an initial understanding of the data and 
to identify the associations between cyclists’ characteristics, behaviours on road, and their receptivity towards sharing roads with 
FAVs. The correlations (see Table 3) show that older cyclists showed lower receptivity towards FAVs compared to younger cyclists, as 
age had significantly negative correlations with all the constructs of the receptivity questionnaire. Male cyclists reported lower ratings 
of system effectiveness and compatibility compared to females. Cyclists who had more crashes gave higher ratings of FAV compati
bility than those who had less crash experience. Few significant correlations were found between cyclists’ on-road behaviour and 
receptivity towards FAVs, except that cyclists reporting more errors were more likely to give higher ratings on FAV compatibility. 

3.4. Cyclists’ interaction behaviours with FAVs 

3.4.1. Model selection 
The goodness of fit across model candidates is listed in Table 4. The AIC of mixed ordered probit model is slightly lower than that of 

Table 2 
Descriptive statistics of all variables.  

Variables Mean S. D. Min Max  

Age 39.44 14.92 18.00 79.00  
Riding time (hours/week) 3.91 4.08 0.10 30.00  
Crash count 0.29 0.94 0.00 10.00  
Gender (male) 65.92%     
Riding motivation Fitness 25.48%     

Commuting 37.26%     
Recreational 37.26%     

Education Less than year 12 2.23%     
Completed year 12 18.15%     
Certificate or diploma 20.06%     
Bachelors 38.22%     
Masters 19.11%     
Other 2.23%     

Prior knowledge of AVs (yes) 91.08%     
Cyclist behaviour on road Never Hardly ever Sometimes Frequently Almost always 
Violations 61.72% 15.61% 13.50% 5.45% 3.72% 
Errors 68.25% 19.73% 8.86% 1.89% 1.27% 
Positive behaviours 5.47% 6.00% 16.51% 23.59% 48.43% 
Cyclist receptivity towards FAV Strongly disagree Disagree Neutral Agree Strongly agree 
Attitude 10.89% 13.82% 18.47% 32.87% 23.95% 
Social norms 6.16% 15.29% 40.98% 27.92% 9.66% 
Trust 13.57% 14.76% 21.71% 31.29% 18.67% 
System effectiveness 12.95% 16.24% 25.80% 31.95% 13.06% 
Compatibility 19.32% 20.70% 24.42% 26.54% 9.02% 
Cyclist interaction with FAV Extremely unlikely Unlikely Neutral Likely Extremely likely 
Scenario 1 3.50% 4.78% 11.78% 29.62% 50.32% 
Scenario 2 1.27% 2.87% 8.28% 33.12% 54.46% 
Scenario 3 28.66% 34.71% 13.38% 15.61% 7.64%  
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Table 3 
Correlation analysis results.   

1 2 3 4 5 6 7 8 9 10
 

11
 

12
 

13
 

14
 

15
 

16
 

17
 

1. Age  –                 
2. Gender (male)  0.196**  –                
3. Riding time  0.066  0.032  –               
4. Crash experience  − 0.134*  0.071  0.111*  –              
5. Education level  0.160**  0.051  0.060  0.035  –             
6. Riding motivation (fitness)  0.082  0.112*  − 0.033  0.013  − 0.024  –            
7. Riding motivation (commute)  − 0.065  − 0.071  0.113*  0.087  0.071  − 0.451**  –           
8. Riding motivation (recreation)  − 0.009  − 0.030  − 0.083  − 0.099  − 0.049  − 0.451**  − 0.594**  –          
9. AV knowledge  0.079  0.034  − 0.058  − 0.117*  0.059  0.029  0.079  − 0.106  –         
10. Violations  − 0.213**  0.090  0.143*  0.291**  0.056  − 0.040  0.136*  − 0.100  − 0.151**  –        
11. Errors  − 0.243**  0.028  0.058  0.268**  0.011  − 0.064  0.064  − 0.006  − 0.261**  0.766**  –       
12. Positive behaviours  0.230**  − 0.132*  0.026  − 0.131*  0.012  0.120*  − 0.086  − 0.023  − 0.065  − 0.226**  − 0.197**  –      
13. Attitude  − 0.122*  − 0.045  − 0.055  0.043  0.063  − 0.069  0.064  − 0.002  0.002  − 0.012  − 0.045  0.030  –     
14. Social norms  − 0.105  − 0.054  − 0.084  0.033  0.035  − 0.022  − 0.019  0.038  − 0.02  0.011  0.001  0.033  0.674**  –    
15. Trust  − 0.127*  − 0.053  − 0.024  0.089  0.052  − 0.099  0.065  0.024  0.016  0.068  0.038  − 0.054  0.826**  0.641**  –   
16. System effectiveness  − 0.127*  − 0.112*  − 0.089  0.056  0.016  − 0.043  0.093  − 0.054  0.078  0.032  0.026  0.051  0.771**  0.597**  0.748**  –  
17. Compatibility  − 0.22**  − 0.16**  − 0.042  0.134*  − 0.008  − 0.055  0.083  − 0.034  0.092  0.085  0.137*  − 0.021  0.709**  0.548**  0.73**  0.727** – 

** represent p < 0.01; * represent p < 0.05. 
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the ordered probit model in both Scenario 1 and Scenario 3 while the AIC of the two models are equal in Scenario 2. This finding 
implies that the mixed ordered probit model is performing slightly better than the ordered probit model. However, it is recognized that 
goodness of fit is only one criterion for model selection. The ability of explaining unobserved differences in individuals’ behaviour is 
another important model selection criterion (Afghari et al., 2018) which is unique to the mixed ordered probit model. As such, the 
mixed ordered probit model is selected to evaluate the effects of explanatory variables on cyclists’ behavioural intentions when 
interacting with FAVs in the previously mentioned scenarios. 

When developing the models, explanatory variables were tested for multicollinearity by computing the Pearson correlation co
efficients, and the variables with unacceptably high correlation coefficients (r > 0.7) were excluded from the models. The explanatory 
variables were inserted into the mixed ordered probit model using stepwise variable selection criterion. In addition, principal 
component analysis was applied to the items within violations, errors, positive behaviours, attitude, social norms, trust, system 
effectiveness and compatibility, and the first principal components were used as the explanatory variables in the models. The results of 
the principal component analysis i.e. the Eigenvalues, Eigenvectors and proportion of explained variability, are provided in the Ap
pendix. The estimated parameters of the mixed ordered probit models for the three scenarios are presented in Table 5. 

3.4.2. Scenario 1 - crossing the path of an oncoming FAV 
The modelling results for the first scenario indicated that riding purpose (commuting), errors, positive behaviours and compati

bility are statistically significant variables in explaining the likelihood of a cyclist giving a hand signal for turning maneuvers. The 
negative parameter of these variables show that cyclists who ride a bicycle for commuting, who have more errors and more positive 
behaviours, are associated with decreased likelihood of giving hand signals before turning. The parameter of compatibility is random 
and statistically significant with a negative mean. These results indicate that cyclists’ rating on FAV compatibility decreases the 
likelihood of giving a hand signal in average, although this effect significantly varies across participants. 

3.4.3. Scenario 2 - cycling beside a parked FAV 
The modelling results of the second scenario show that violations, positive behaviours, compatibility and social norms are sta

tistically significant variables in explaining the likelihood of a cyclist moving over or slowing down to avoid a door collision. The 
negative parameters of violations and positive behaviours indicate that higher frequencies of cyclists’ violations and positive be
haviours on roads are associated with a decreased likelihood of taking actions to avoid door collisions. In contrast, the positive 
parameter of compatibility suggests that a higher rating of FAV compatibility is associated with an increased likelihood of moving over 
or slowing down. The parameter of social norms is random with a positive mean, indicating that social norms is, in average, positively 
associated with the likelihood of taking actions to avoid door collisions, although its effect varies across participants. 

3.4.4. Scenario 3 - cycling in front of a FAV 
The modelling results of the third scenario show that riding time, violations, the highest level of education, prior knowledge of AVs 

and attitude are significantly associated with the likelihood of a cyclist maintaining his/her position in the lane. Among the significant 
variables, the parameters of riding time and violations are fixed across participants while the rest of the parameters are random. The 
positive parameters of riding time and violations indicate that longer riding time and higher frequency of violations on roads are 
associated with increased likelihood of maintaining the position in the lane. The parameters of education and attitude are random with 
statistically significant means and standard deviations, indicating that they influence the likelihood of maintaining the position in the 
lane but their effects vary across participants. The parameter of prior knowledge of AVs is also random with a not statistically sig
nificant mean but a statistically significant standard deviation. This finding implies that prior knowledge of AVs increases the like
lihood of cyclist maintaining his/her position in the lane for some individuals and decreases this likelihood for others. However, the 
average effect of this variable is not statistically significant across the sample. 

4. Discussion 

4.1. Cyclists’ receptivity towards sharing roads with FAVs 

Findings from the present investigation revealed important insights into cyclists’ receptivity towards sharing roads with FAVs and 
the associated factors. Receptivity towards sharing roads with FAVs among cyclists was highly correlated with their demographic 
characteristics but less with their cycling behaviours. Older cyclists reported lower receptivity of riding a bicycle in the presence of a 
FAV compared to younger cyclists and this was reflected in lower ratings of most constructs of the receptivity including attitude, trust, 

Table 4 
Comparison of goodness of fit across model candidates.   

Scenario 1 Scenario 2 Scenario 3  

OP MOP OP MOP OP MOP 

Number of estimated parameters 8 10 8 10 8 13 
Log likelihood at convergence − 357 − 354 − 312 − 310 − 440 − 432 
AIC 729 728 640 640 896 891 

OP: ordered probit model; MOP: mixed ordered probit model. 
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system effectiveness and compatibility. The finding is consistent with the age difference reported in most studies about user acceptance 
of Avs (e.g. Liu et al., 2019; Bansal et al., 2016). These studies have suggested that younger people hold stronger positive attitudes 
toward AVs (Liu et al., 2019) while older people are less likely to accept AVs and less likely to pay for AVs due to their low level of trust 
(Bansal et al., 2016). An earlier study of Connor and Brown (2010), which investigated cyclists’ perceptions of sharing the road with 
motorists, provides possible explanations for our results. Their study reported that younger cyclists (aged < 25 years) are less con
cerned for their safety when passing motor vehicles. The reason for this could be attributed to the findings in personality research that 
younger people have a greater propensity for risk taking and sensation seeking and the propensity tends to decline as age increases 
(Mata et al., 2016). 

It should be noted that in our study, male cyclists reported lower receptivity of riding around FAVs due to lower ratings of system 
effectiveness and compatibility. This is surprising as many previous studies reported that males have more positive attitudes and less 
safety concerns regarding AVs and they are more inclined to buy one than females (Payre et al., 2014; Hulse et al., 2018). However, our 
result is supported by a focus-group study with vehicle owners from Los Angeles, Chicago and Iselin (Silberg et al., 2013). Women in 
the focus groups were more receptive to self-driving vehicles as they perceived more benefits of being free to focus on their children in 
the back seat and less restrictions on drivers who might be influenced by alcohol, illness and other limitations. In contrast, males were 

Table 5 
Results of mixed ordered probit regression model for three scenarios.  

Scenario 1 - Crossing the path of an oncoming FAV 

Variable Estimate St. Error t-value p-value 

Threshold values:     
Threshold 1|2 0.860 0.205 4.190 0.000 
Threshold 2|3 1.922 0.237 8.120 0.000 
Threshold 3|4 3.530 0.269 13.120 0.000 
Non-random parameters 
Riding purpose (commuting) − 0.448 0.153 − 2.930 0.003 
Errors - PC1 − 0.094 0.024 − 3.950 0.000 
Positive behaviours - PC1 − 0.246 0.033 − 7.560 0.000 
Means of random parameters 
Constant 3.647 0.264 13.800 0.000 
Compatibility - PC1 − 0.197 0.055 − 3.600 0.000 
Standard deviation of random parameters 
Constant 1.147 0.099 11.560 0.000 
Compatibility - PC1 0.621 0.067 9.290 0.000 
Scenario 2 - Cycling beside a parked FAV 
Variable Estimate St. Error t-value p-value 
Threshold values:     
Threshold 1|2 0.692 0.229 3.020 0.003 
Threshold 2|3 1.457 0.256 5.680 0.000 
Threshold 3|4 2.771 0.272 10.200 0.000 
Non-random parameters     
Violations - PC1 − 0.066 0.029 − 2.270 0.023 
Positive behaviours - PC1 − 0.137 0.033 − 4.200 0.000 
Compatibility - PC1 0.140 0.060 2.340 0.019 
Means of random parameters     
Constant 2.893 0.266 10.870 0.000 
Social norms - PC1 0.259 0.069 3.750 0.000 
Standard deviation of random parameters 
Constant 0.343 0.070 4.880 0.000 
Social norms - PC1 0.358 0.062 5.740 0.000 
Scenario 3 - Cycling in front of a FAV 
Variable Estimate St. Error t-value p-value 
Threshold values:     
Threshold 1|2 1.653 0.137 12.040 0.000 
Threshold 2|3 2.398 0.160 15.000 0.000 
Threshold 3|4 3.763 0.221 17.030 0.000 
Non-random parameters     
Riding time 0.225 0.029 7.690 0.000 
Violations - PC1 0.037 0.013 2.840 0.004 
Means of random parameters     
Constant 0.947 0.245 3.870 0.000 
Education (Bachelor’s degree or more) 0.403 0.139 2.900 0.004 
Attitude - PC1 − 0.127 0.037 − 3.470 0.001 
Prior knowledge of AVs − 0.320 0.229 − 1.400 0.162 
Standard deviation of random parameters 
Constant 0.536 0.072 7.480 0.000 
Education (Bachelor’s degree or more) 0.978 0.101 9.720 0.000 
Attitude - PC1 0.499 0.046 10.750 0.000 
Prior knowledge of AVs 0.462 0.073 6.290 0.000  
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more resistant to FAVs as they believed that the vehicle would force them to stay in lane and follow speed limits. This is consistent with 
the male cyclists’ concern on the system effectiveness of FAVs reported in our study. Together, the results reflect that males tend to 
have higher expectations on the FAV system effectiveness and compatibility than females in terms of both driving and interaction with 
other road users. 

FAVs are expected to improve road safety by reducing crashes related to human errors or violations, and according to the results of 
our study, this expectation seems to be especially important for people who have suffered from crashes and human errors. In our study, 
crash-involved cyclists and those who reported more errors when cycling had a higher receptivity in terms of FAV compatibility 
compared to cyclists without crash history and cyclists with less errors on roads. Similarly, Bansal et al. (2016), in a survey of people’s 
willingness to pay for AVs, found that respondents perceive fewer crashes to be the main benefit of AVs and the number of past crashes 
experienced is positively associated with the willingness to pay. Overall, the findings indicate that this specific group of people who 
suffered from crashes and errors may appreciate and benefit more from the enhanced safety brought by FAVs and will also rely more on 
the FAVs to take human errors out of the road traffic. 

4.2. Cyclists’ intended self-protective behaviours when interacting with FAVs 

4.2.1. The role of current cycling behaviours on road 
The study revealed factors that influence the likelihood of cyclists to engage in intended self-protective behaviours during in

teractions with FAVs. Cyclists who self-reported higher propensity to risky riding behaviours, more violations (i.e. deliberate 
infringement of some regulated or socially accepted code) and more errors (i.e., failure of planned actions to achieve their desired 
outcome), were less likely to initiate self-protective behaviours near FAVs. Cyclists who reported more violations were less likely to 
move over or slow down when approaching parked vehicles. These are behaviours that cyclists often engage in to prevent “door-open” 
crashes, which are a major safety concern among cyclists in Australia (Johnson et al., 2013). In addition, cyclists who committed more 
violations were less likely to move over when followed by a motor vehicle, which could reduce the safety margin if the vehicle 
overtakes. These findings are not surprising since previous studies found strong correlations between the lack of self-protective 
behaviour and violations (Twisk et al., 2015). Australian cyclists are exposed to a hostile environment that includes frequent 
harassment and aggressive behaviour by motorists, and self-protective behaviours play an important role to ensure their safety on 
roads (Poulos et al., 2019; Heesch et al., 2011, 2018). Regarding errors, cyclists who reported more errors were less likely to engage in 
protective behaviours such as giving a hand signal when crossing the path of oncoming traffic. Potentially, cyclists with a tendency to 
riding errors are seeing FAVs as an opportunity to lower their guard and reduce the engagement of protective behaviours. These results 
suggest that high-risk groups of cyclists could have reduced safety margins whilst interacting with FAVs. 

Another interesting finding is that positive behaviour appears to be negatively associated with intended self-protective behaviour 
when cycling beside parked cars and crossing the path of oncoming traffic. This finding is surprising because drivers who generally 
engage in safe behaviours also avoid risky behaviours. In the case of car drivers, Özkan et al. (2005) argue that positive driver be
haviours could buffer the effects of errors and violations in some circumstances. Additionally, Useche et al (2018a) identified that 
cyclists who report engaging in more positive behaviours also report less errors and violations. In this study, it is suspected that cyclists 
who engage in positive behaviours more often would possibly wait for the FAV to cross first instead of using a hand signal. It is also 
likely that those cyclists may hold positive view on FAVs’ capability to avoid door collisions. 

4.2.2. The role of cyclists’ perception towards FAVs 
Among all the receptivity variables, perception of FAV compatibility was significantly associated with cyclists’ responses to the 

scenarios though the association direction was not consistent across scenarios. Cyclists who believed that FAVs will be compatible with 
transport system were, in average, less likely to use hand signal while they were more likely to take actions to avoid door collisions. 
This result emphasises that whether FAVs could be integrated into the present transport system in a compatible and effective way could 
directly influence other road users’ behavioural responses towards them. It also highlights the importance of ensuring that FAVs are 
capable of delivering the high levels of performance that cyclists expect them to have, as otherwise safety–critical situations could be 
increased. 

Attitude and social norms were also associated with the likelihood of engaging in specific self-protective behaviours. When cycling 
beside parked cars, cyclists who reported higher social norms on average tended to pay more attention to door collisions. Similarly, 
previous research of Feenstra et al. (2010) reported that cyclists who had a higher score on personal norm tended to have a lower score 
on risky cycling behaviours and risky cycling intentions. When being followed by a vehicle, cyclists who reported more positive at
titudes towards sharing the road with FAVs were, in average, more likely to move over and give way to the FAV. According to 
Australian traffic rules, cyclists in this situation are not required to move over. Potentially, cyclists do so to allow a larger safety margin 
in case of an overtaking maneuver from the following vehicle, as a courtesy to prevent delay of the vehicle, lack of knowledge of the 
road rules, or because they feel that they are harassed. Further research is needed to confirm the reasons underlying this behaviour. 

4.2.3. The role of cyclist characteristics 
Some demographic characteristics were also found to influence participants’ responses to FAVs during the online experiment. In the 

scenario where the cyclist is followed by the FAV, participants who were more educated and spent more time riding were less likely to 
move over. Additionally, cycling commuters reported being less likely to give hand signals when crossing the path of oncoming traffic. 
This could be related to more experienced and educated cyclists having a better knowledge of the road rules. As explained earlier, 
cyclists are not legally required to move over in this scenario but they likely do so for self-protection or altruistic reasons. Previous 
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research has revealed that cyclists with more experience (i.e., those who reported cycling regularly for two years) report a reduced 
concern for traffic risks when compared to less experienced cyclists (O’Connor and Brown, 2010). Additionally, this study also found a 
discrete effect of prior knowledge of AVs on cyclists’ decision to move over when being followed by a FAV. A group of cyclists who had 
heard about AVs before the study tended to maintain their position in the lane, which is probably due to their awareness that the FAV 
would follow strict safety rules. The other group of cyclists who had heard about AVs before were more likely to move over. The 
moving over action in this scenario is deemed more as a courtesy gesture than a self-protective behaviour by this group of people. 
Previous studies also reported that participants who had pre-existing knowledge of AVs held more optimistic view towards using AVs 
in the future than those who had no such knowledge (Kaye et al., 2020). Further research still need to investigate the uncaptured 
influence of cyclists’ familiarity with FAV (e.g. the extent of pre-existing knowledge about FAVs) on their interaction behaviour choice. 

4.3. Limitations and future research suggestions 

Some limitations in the study should be noted. First, the participants did not have practical interaction experience with FAVs, which 
is a common issue in the current social science studies related to FAVs, and thus the responses of the participants might be biased. 
Future research is required to examine cyclists’ receptivity towards sharing roads by exposing cyclists to these vehicles in a real-world 
driving environment. Second, although the participants were aware that the survey was completely anonymous and voluntary, it is 
possible that participants may have been influenced by social desirability biases and reported inaccurate responses. Third, the study is 
more exploratory in nature and the sample size in the study is relatively small. A larger sample size will help increase the validity of the 
results and enhance the generalizability of our findings to the general population. Moreover, FAV traits and features that may play an 
important role in cyclists’ perceptions and decisions are not thoroughly considered in the study. It is suggested to conduct a stated- 
preference experiment with different FAV traits to deeply understand cyclists’ concerns or recognitions on FAV features on a larger 
sample base in the future. Fourth, the study did not consider participants’ prior experience with advanced driver assistance technology. 
This experience may influence the receptivity of FAVs and their behaviours towards them, and thus future studies should involve these 
potential factors. Regarding the selection of models, mixed ordered probit model can efficiently capture the unobserved heterogeneity 
in the effects of explanatory variables on the dependent variables. However, given many of the variables analysed this study are in
dicators of latent constructs (e.g. errors, violations and trust), future research should investigate the use of hybrid choice models to 
better understand these latent constructs and their effects on cyclists’ behavioural intentions. 

5. Conclusion 

The study conducted an online experiment and questionnaire to investigate cyclist receptivity towards FAVs and their behavioural 
responses when sharing the road with FAVs. Cyclists’ receptivity towards FAVs was associated with several factors regarding their 
individual characteristics and riding behaviours on roads. Generally, younger and female cyclists are more likely to have favourable 
receptivity. Cyclists who reported crash experience and more frequent riding errors had a higher receptivity towards FAVs. Three 
interaction scenarios between cyclist and FAV were designed in the study to test cyclists’ self-protective behavioural intention. The 
study found that cyclists who were less likely to engage in intended self-protective behaviours were those who self-reported higher 
propensity to risky riding behaviours and positive riding behaviours. Moreover, cyclists’ perceptions of social norms, attitude and FAV 
compatibility directly influenced their behavioural response during the interaction. The study suggested that high-risk groups of 
cyclists are not going to actively increase safety margin when interacting with FAVs. Prior to being introduced into the transport 
systems, AVs should manage to improve and perfect their functions to match the cyclists’ high level of expectations on their 
performance. 
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