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A B S T R A C T   

The transport sector is a key contributor of global greenhouse gas emissions and electric vehicles have become a 
focus in striving to achieve decarbonisation and efficiency in the sector. This study uses a stated preference 
methodology, specifically choice experiments, to investigate the attitudes and preferences of potential buyers for 
a number of technical, environmental and policy attributes of electric vehicles in Ireland. We specifically focus on 
whether learning through provision of information and a brief vehicle experience affects preferences and welfare 
measures. Previous studies have examined the role of lengthy electric vehicle demonstration trials, for example 3 
month trials, on preferences. This paper addresses a gap in the literature by considering the role of much shorter 
scale experience (minutes rather than months) on attitudes which more closely represents the experience that a 
potential purchaser will have at the point of investment. Using random parameter models, our results show that 
people are willing to pay more for certain technical and environmental features of electric vehicles, however, 
policy measures such as preferential parking rates are seen to have a non-significant effect on utility of partic-
ipants. The learning process increases the significance of the environmental component, and produces signifi-
cantly higher willingness to pay for increased battery range and vehicle size.   

1. Introduction 

The transport sector is responsible for approximately 50% of oil 
consumption worldwide and the largest proportion of energy related 
CO2 emissions [1]. Increasing electric vehicle (EV) uptake has been 
identified as a key strategy in supporting the decarbonisation and effi-
ciency of the transport sector in many countries [2–7] while also 
contributing to security of supply by increasing fuel diversity in trans-
port. However, sales of EVs have been slow with the primary reason 
cited as being the high capital cost when compared to conventional 
vehicles [5,8–10]. Previous research has shown that individuals are 
aware of some benefits associated with EVs and value their attributes. 
Nevertheless, final purchasing seems to be strongly affected by the high 
purchase cost of these vehicles compared to conventionally fuelled 
vehicles. 

In this article we are interested in studying the effect of learning and 
experience on the stability of preferences for electric vehicles. We 
examine the importance of learning through provision of information 
and a brief experience with the good (EV) on preferences and welfare 
measures. We hypothesise if preferences are stable; the introduction of 

learning by information and experience should have no impact on 
attribute valuation. Other papers in the field have examined the impact 
of experience on electric vehicles attitudes, for example, through 
demonstration trials where participants experienced an EV for three 
months [11,12]. We explore the impact of shorter scale experience 
(minutes rather than months), on attitudes. We believe this is a vital 
contribution to the field, which has not previously been examined as it 
more closely represents the experience that a potential purchaser will 
have at the point of investment. 

In this paper we use a discrete choice experiment to study prefer-
ences and attitudes of potential buyers of plug-in EVs for different types 
of EV attributes, before and after information and a brief experience 
with an EV, in Ireland. It builds on a recent paper by Mukherjee and 
Ryan [13] which considers the importance of awareness and attitudinal 
variables for early adopters of EVs in Ireland. Their work focuses on 
households who have already adopted an EV, whereas this paper ex-
amines preferences for potential future EV buyers. Our paper includes 
three elements; technical characteristics of plug-in EVs, environmental 
benefits and policy measures in order to investigate the trade-off be-
tween these types of attributes and the willingness to pay by potential 
buyers for each of them. 
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The key research question examined in this paper is whether learning 
through provision of information and a brief vehicle experience affects 
preferences and welfare measures for EV attributes. A key contribution 
of this paper is that we explore the impact of a short scale experience 
(minutes rather than months), on attitudes. We believe this is an 
important contribution to the field, which has not previously been 
examined, and which more closely represents the actual experience a 
consumer might encounter in a car showroom when considering pur-
chasing an electric vehicle (rather than a longer trial as has been 
investigated in other work). Using a discrete choice experiment esti-
mated with a random parameter model, we find that participants are 
willing to pay a premium for larger electric vehicles with increased 
range and shorter battery charging times. We find that learning and 
short-term experience of an EV increases the significance of the envi-
ronmental benefits associated with electric vehicles. However, we also 
find that learning and short-term experience of electric vehicles has only 
a small effect on preferences. 

The structure of the remainder of the paper is as follows: the litera-
ture review and context is provided in Section 2; the methodology and 
the choice experiment design are provided in Section 3; the results and 
discussion are in Section 4 and 5 respectively; and the conclusion is 
provided in Section 6. 

2. Literature review 

There is a large and growing literature using stated preference 
methods to examine individuals’ attitudes in the transport sector. For 
example [14–17], use stated preference approaches to evaluate the de-
mand for electric vehicles and highlight the importance of large in-
centives to reduce the purchasing price. More recent papers have 
included policy attributes in addition to technical and financial attri-
butes, for example, Bolduc et al. [18] use a stated preference approach to 
consider vehicle choice between conventional and alternatively fuelled 
vehicles including both vehicle characteristics as well as a policy mea-
sure (for example, access to the express lane) but find that the policy 
measures are the least important in terms of affecting the stated deci-
sion. Other papers also include policy features such as free-parking, bus 
lane access and tax incentives [9,19–21]. Findings indicate that reduced 
costs and purchase tax relief would encourage uptake but the parking 
and express lane attributes were found to be non-significant. Guerra & 
Daziano [22] also consider parking spaces in preferences for EVs using a 
stated choice experiment and examine if participants would be willing to 
pay for dedicated parking spaces with charging points. They find a $100 
per month parking charge decreases the odds of purchasing an EV by 
approximately 65%. 

Qian et al. [23], conduct an online choice experiment among con-
sumers in China to study the trade-offs between vehicle characteristics, 
service attributes and governmental policies, where the latter includes 
the “vehicle-licensing regulation”. They find that charging facilities in 

the home is the most important attribute and the free license plays an 
important role in policies to encourage EV adoption. Using a stated 
preference study on 2200 Californian households, Adler et al. [24], 
found that in addition to vehicle characteristics (such as fuel savings and 
purchase subsidies), policy measures such as free parking were a sig-
nificant motivating factor in encouraging households to select the 
alternatively fuelled vehicle. 

Rezvani et al. [25], presents a review of the advances in consumer EV 
adoption and concludes that it is important to study the perception of 
consumers about policies related to adoption of EVs as well as the 
connection between EVs and the environmental protection, a result 
supported by Mukherjee and Ryan [26] for Ireland. This paper presents a 
choice experiment for EVs which consider three types of attributes, 
technical, environmental, and policy attributes, in a single choice set for 
electric vehicles. 

While the choice experiment with policy attributes is a contribution 
to the growing literature in this field, a key objective of the paper is to 
study whether learning through information and experience influences 
stated choices and marginal values in a choice experiment. To examine 
this issue we use an iterative rather than a split sample approach, using 
the same choice experiment after the provision of information and a 
brief experience of the good. 

Previous research has showed that provision of information can 
overcome many anomalies in stated preference studies. For example, in 
the field of experimental economics learning has been shown to mitigate 
major theoretical preference anomalies such as the willingness to pay – 
willingness to accept differences and the endowment effect [27]. In 
double-bounded contingent valuation studies, the introduction of in-
formation about decision rules has also been shown to reduce the 
well-known anomaly of internal inconsistency between single and 
double bounded responses [28,29]. 

Previous research on learning and experience with electric vehicles 
has shown that preferences for EVs can change once the individual has 
hands-on experience with a vehicle. For example, Jensen et al. [11] run 
a field trial where 369 volunteers are provided with an electric vehicle 
for 3 months. They conduct a choice experiment with the volunteers 
prior to experiencing the vehicle and then again after the 3-month 
period has finished. They find that experience with the vehicle causes 
a major change in the preferences for driving range, top speed, fuel cost, 
battery life and charging in city centres and train stations. 

Similarly, Franke and Krems [12] examine the factors that influence 
the preferences of 79 potential EV drivers following the opportunity to 
drive an EV for 3 months. Their study focusses on preferences about 
driving range and they find that experience of an EV results in a decrease 
in the importance of range preferences. 

While both of these studies provide a fascinating insight into the 
benefits of trialling an EV on preferences, it is not practical to envisage a 
scenario where any potential EV buyer will have the opportunity to first 
trial a vehicle for three months. Thus, in this paper we examine pref-
erences before and after information provision and a brief experience of 
an EV (minutes rather than months), which is more in line with the 
actual experience a consumer might encounter when considering pur-
chasing an electric vehicle at a car showroom. This is extremely 
important from a policy perspective as the costs of providing a lengthy 
EV trial for any potential purchaser is prohibitively expensive as a policy 
measure thus, it is critical to examine the potential impact of informa-
tion provision and initial vehicle impressions as a more realistic 
approach to encouraging uptake. We believe this focus on simulating the 
sort of information which might be provided at the point of making the 
investment decision is more realistic and fills an important gap in the 
existing literature. 

It should be noted that this paper assumes that electric vehicles will 
offer environmental savings, as is the case in Ireland. When comparing 
the environmental impacts of EVs versus conventional vehicles, it is 
useful to consider the entire production chain. The production of lithium 
batteries has an important role in the emissions associated with the 

Abbreviations: 

CO2 Carbon Dioxide 
g grams 
ESB Electricity Supply Board, 
EV Electric Vehicle 
ICE Internal Combustion Engine 
i.i.d. independent and identically distributed 
km kilometre 
kWh kilowatt-hour 
OOR opt-out reminder 
Uni Individual n’s utility function for good i 
WTP Willingness to pay  
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production of EVs when compared to conventional diesel and petrol 
vehicles. According to Messagie [30], the CO2 emissions from 
manufacturing, maintaining, and recycling the vehicle, the motor, the 
battery and the electronics are almost twice as high for EVs as for 
equivalent diesel vehicles. However, these higher production emissions 
have the potential to be mitigated by lower operating emissions. The 
operating emissions will vary from country to country and will depend 
on the nature of the power system generating the electricity and the time 
of day when the electric vehicle is charged i.e. the marginal power plant 
on the system when the EVs are being charged [6,31]. 

The emission reduction benefits of EVs will be at their lowest in 
countries where the marginal power plants produce high emissions. For 
example, in a country such as Poland, where almost 100% of the mar-
ginal power plants are coal fired, or in Germany where the marginal unit 
is often lignite, the emission benefits of EVs will be lower (or even 
negligible/negative) compared to a power system where the marginal 
power plants produce low or zero emission. In Norway or Iceland where 
the marginal plants are almost 100% zero-emissions, the emissions 
benefits of EVs will be maximised [31–33]. 

Ireland, as the case study system, is generally considered a favour-
able location for electric vehicles given the relatively short driving dis-
tances between key cities and the characteristics of the Irish power 
system. In Ireland, natural gas-fired combined cycle and open cycle gas 
turbines power plants are typically the marginal units in the wholesale 
electricity market and in 2018, the CO2 intensity of the marginal gas 
fired plants in Ireland was 366gCO2/kWh [34,35]. The most popular 
electric vehicle in Ireland is the Nissan Leaf, with a fuel economy of 164 
Wh/km [36]. Assuming this car was charged with the marginal gas unit 
it would equate to 60 g/CO2 per km which is 51% lower than the 
average CO2 emissions of new passenger vehicles sold in the EU in 2019 
[37]. Thus, EVs are considered a key component of achieving reduced 
total CO2 emissions in Ireland. 

It should also be considered that electricity systems across Europe 
are transitioning to zero carbon by 2050 which will shift older, high 
emissions units out of the merit order and will improve the emissions 
benefits of EVs across all countries. Also, the increasing use of digitised 
smart meters indicating time of use pricing and real-time CO2 emissions 
will help to motivate EV users to charge their vehicles at low price/low 
CO2 times. 

3. Materials and methods 

This study uses a stated preference method, specifically Choice Ex-
periments [38,39] to study the stability of preferences for electric 
vehicle attributes with respect to learning by information and experi-
ence. The methodology in choice experiments is derived from the 
Lancastrian approach which considers that an individual n obtains 
utility from the attributes or characteristics of a good, rather than 
directly from the good itself [40]. From random utility theory [41], it is 
assumed that an agent’s linear utility function (Uni) is comprised of two 
parts, the first of which (Vni) is observable by the analyst, while the 
second, (εni), is unobservable and is assumed to exhibit stochastic 
behaviour according to an i.i.d. process as follows: 

Uni =Vni + εni. (1) 

The deterministic part of the utility function (Vni) is a linear function 
of the parameters corresponding to each attribute. Therefore, Vni can be 
expressed as 

Vni = β
′

nXni (2)  

where βn is the vector of parameters corresponding to the attributes for 
individual n and Xni is the vector representing the attributes for indi-
vidual n for alternative i. 

During a choice experiment, participants are given repeated choice 
tasks with two or more options, described by attributes and levels, from 

which they select their preferred option. It is assumed that individuals 
will select the option that gives them the highest utility, and as such, 
their preferences are revealed. In this paper, our choice sets consisted of 
three options (known as alternatives): two generic alternatives which 
involve an electric vehicle and a fixed status-quo alternative, which is a 
conventionally fuelled vehicle. Participants were requested to select 
their preferred alternative among the three vehicle options. Table 1 
presents an example of a choice set used. 

Given the stochastic component of the utility function, we rely on 
probabilities for the estimation of the empirical model. Therefore, the 
generic logit probability of a sequence of T individual choices is given by 
the expression: 

Pni =

∫
⎛

⎝
∏T

t=1

exp
(
β’

niXni
)

∑J
j=1exp

(
β’

njXnj

)

⎞

⎠ f (β)dβ ∀ i ∕= j (3)  

where i and j are alternatives presented in the choice set. 
The attributes and levels used in the design of our choice experiment 

were selected from a careful revision of the existing literature using 
similar techniques (e.g. Refs. [9,11,12,14,15and16]) and by using a 
series of focus group discussions with the participation of representa-
tives from a large electricity utility company in Ireland (ESB Ireland), 
representative drivers (selected from the general public), and expert 
transport economists and engineers. This process facilitated the selec-
tion of the relevant attributes and levels for the choice sets in this study. 
It was not possible to customise the choice sets for each individual in our 
study given that it was paper based, for example tailoring the conven-
tional vehicle attributes to be consistent with a participant’s existing 
vehicle, but this is an area of consideration for future work. 

The attributes used to describe the electric vehicles in our choice 
experiment are as follows: (1) driving range on full battery, (2) battery 
charging time, (3) battery life, (4) reduction in CO2 emissions, (5) pos-
sibility of plug-in hybrid back-up, (6) size, (7) top speed, (8) reduction in 
parking fee (also called supporting on-street parking policy) and (10) 
purchase price. The value of these attributes was based on a number of 
pre-defined levels. A description of the attributes, and their levels, used 
in the choice experiment is presented in Table 2. Most of the attributes 
are numerical and are coded as such in the econometric model i.e. with 
the corresponding level (number) of the respective attribute. For 
example, for the attribute “driving range on full battery” there are three 
levels: 100, 200 and 400 km; these are coded as 100, 200 and 400 
respectively in the random parameter model. The only variable that is 
non-numerical is the possibility of plug-in hybrid back-up, which is 

Table 1 
Example of a choice set.   

Electric 
Vehicle 1 

Electric 
Vehicle 2 

Conventional Fuelled 
Vehicle 

Driving range on full 
battery 

200 km 400 km 300 km 

Battery charging 
time 

20 min 8 hours Electric battery not needed 
but 15 min to fill the tank at 
a petrol station. 

Battery Life 12 years 5 years Electric battery not needed 
Reduction in CO2 

emissions 
30% 50% 0% 

Possibility of plug-in 
hybrid back-up 

Yes No Not applicable 

Size (Number of 
seats including the 
driver’s seat) 

2 seats 4 seats 5 seats 

Top Speed 150 km/h 200 km/h 200 km/h 
Supporting on street 

parking policy 
30% off the 
normal 
price 

50% off the 
normal 
price 

Full parking charge 

Purchase Cost €20,000 €25,000 €15,000 
Tick your choice    

Source: Authors’ design 
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treated as a dummy variable and is assigned the value of 1 when the 
level was “yes” and 0 otherwise. 

The scenario description presented to individuals stated that the 
vehicles presented were identical in all respects apart from across the 
attributes mentioned (and listed in Table 2). No variability is assumed in 
the levels of the conventional vehicle attributes, these were fixed for all 
respondents (as per column 4 in Table 1) and are indicative of the 
average status-quo. In addition, the instructions included a cheap talk 
script in an effort to mitigate against hypothetical bias.1 

The choice sets shown to participants were built based on a full 
factorial design from which 32 choice sets were created using cyclical 
design [42]. Choice sets were blocked into eight groups and each 
respondent was assigned a total of four choice sets. Overall, sixteen 
survey arrangements (8 blocks) were generated with the order of choice 
sets presented being inverted to control for order effect. Surveys were 
randomly allocated among participants. Surveys were completed by 
participants at the same time in a single location using pen and paper. 

Respondents were given the survey and asked to complete the first 
section, which consisted of general attitudinal questions and some 
background and demographic questions. They were then asked to pause 
while one of the researchers presented some brief information (about 5 
min) about the scenario and the attributes and levels. This scenario 
included a general description of the electric vehicle characteristics 
which would be shown in the choice sets along with information about 
the environmental benefits and challenges, and a brief comparison of 
electric vehicles and conventionally fuelled vehicles. 

In addition, the short presentation provided an overview of the 
current EV support policies in Ireland with information on national EV 
targets. The benefit of presenting the choice experiment like this instead 
of a typical written scenario, which is read either by the interviewer or 
the respondent, is that all respondents get exactly the same information 
in exactly the same way, avoiding bias such as interviewer bias. This 
approach also represents an innovation to the typical method of pre-
senting choice experiments. 

After the presentation of the scenario, an example of the choice set 
was shown to participants and they were introduced to the next part of 

the survey, which was the choice experiment task. Finally, respondents 
were asked to complete the final section of the questionnaire consisting 
of further background questions. 

To examine the impact of learning and experience we introduced a 
treatment to our study. This was conducted 14 days after the first choice 
experiment as described above. A representative from the Electricity 
Supply Board (ESB) - the main Irish electricity company responsible for 
the EVs’ program in Ireland – supplied an electric vehicle (Nissan Leaf) 
for demonstration and observation by the participants. Participants had 
the opportunity to sit in the car, turn it on and be a passenger for a short 
ride (the distance travelled was constrained due to space and time 
limitations).2 

After the physical demonstration session with the vehicle, partici-
pants were taken to the same location in which they completed the first 
choice experiment. They attended a half-hour seminar, given by the ESB 
representative, in which he explained the different aspects of electric 
vehicles and the history and potential of their deployment in Ireland. In 
order to avoid information bias we made sure the presentation was 
objective and did not highlight or prioritize any attribute over the 
others. The presentation from ESB was balanced and presented both the 
potential economic and environmental benefits but also highlighted the 
challenges of EVs including a limited charging network in Ireland, long 
recharging times, limited top speeds, limited battery life and other po-
tential downsides like the lack of noise which may increase accidents 
with pedestrians and cyclists. It is important to note that the presenta-
tion was objective (as our aim was to avoid information bias). The ESB 
representative was given a limited time (20 min) for their presentation 
and we communicated with them in advance to ensure the presentation 
was balanced in terms of benefits and drawbacks of EVs. This was fol-
lowed by a short question and answer discussion session. The purpose of 
the discussion session was to give participants the opportunity to seek 
further information on electric vehicles similar to the type of questions 
they might ask at the point of sale or to peers who own an EV. After this 
presentation and discussion session respondents were asked to again 

Table 2 
Description of attribute and levels used in the choice experiment design.  

Attribute Description Levels Attribute Description Levels 
Driving range on 

full battery 
Kilometers that can be driven in the EV using a full 
charge tank.  

• 100 
km  

• 200 
km  

• 400 
km 

Size Number of passenger that can be seated in 
the car including the driver.  

• 2 seats  
• 4 seats  
• 5 seats 

Battery charging 
time 

Time needed to fully charge the battery of the 
electric vehicle.  

• 20 
min  

• 2 h  
• 6 h  
• 8 h 

Top speed Maximum speed the vehicle can reach.  • 120 km/h  
• 150 km/h  
• 200 km/h 

Battery life Years that battery will last providing a good 
performance before being replaced, considering a 
yearly use of 15,000 km.  

• 5 
years  

• 8 
years  

• 12 
years 

Supporting on street 
parking policy 

Reduction in parking fees in public spaces  • 30% off 
normal 
price  

• 50% off 
normal 
price  

• Free Parking 
Reduction in CO2 

emissions 
Reduction in CO2 emissions assuming the new 
electricity is generated by renewable sources  

• 30%  
• 50%  
• 100% 

Purchase Cost (after 
subsidy) 

Total purchase price to buy the car, including 
the incentive or subsidy obtained from the 
Government.  

• € 10,000  
• € 15,000  
• € 20,000  
• € 25,000 

Possibility of plug- 
in hybrid back up 

Possibility of including a facility in the EV to allow 
it to be fuelled by conventional fuel.  

• No  
• Yes   

1 Following Ladenburg et al. (2014) we also used an Opt-Out Reminder 
(OOR), which consists in adding a short cheap talk script before the presenta-
tion of each choice set in order to avoid hypothetical bias. 

2 We should note that the term “experience” in this paper is thus limited, as 
participants were able to see the car and get into it but were only taken on a 
journey of a few 100 m. This was due to the limited space of the demonstration 
site (university campus) and the time constraints of participants and 
demonstrators. 
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answer the choice experiment. We used exactly the same choice exper-
iment designed in the previous treatment and questionnaires were again 
distributed randomly.3 

Both choice experiments were conducted in a large lecture theatre in 
Trinity College Dublin with students from 23 different degree pro-
grammes across a range of disciplines (from social sciences to business to 
computer science). This facilitated a large participation level and 
minimised attrition between survey rounds and between EV demon-
stration and the completion of the survey. Ethical approval was provided 
for a paper-based survey rather than online to ensure no students were 
excluded from participation due to lack of smartphone/laptop. While it 
is recognised that the student population is not representative of the 
general population in terms of income, age, education and other vari-
ables, it is hypothesised that students are potential future consumers of 
electric vehicles and may provide some insights regarding perceptions of 
EVs. It is also important to note that the focus of this paper is on the 
methodology employed and the behavioural aspect (the focus on pref-
erence stability) rather than on policy recommendations and the authors 
advise caution in interpreting the results with respect to future policy 
design and recommend a more representative sample be utilised before 
the results can be generalised. 

Following the standard approach for stated preference analysis (for 
example, Louviere et al. [38] and Cirillo et al. [10]) we used a random 
parameter multinomial logit model to estimate and analyse our results 
[43], where the error term is assumed to be i.i.d. type I extreme value. 
This model allows us to consider unobserved heterogeneity associated 
with the individuals’ responses and the utility parameters vary between 
them instead of being fixed. The integral for the choice experiment is at 
the individual level. We calculate the marginal Willingness to Pay (WTP) 
for each attribute by using the parameter estimates and assuming a 
linear utility function. A linear specification is assumed for the utility 
function in line with the standard approach in the literature (for ex-
amples see Refs. [9,14,44,45] among others). The marginal WTP is given 
by dividing the parameters of the non-monetary attributes between the 
parameter of the cost attribute (purchase price). In a similar approach to 
Ref. [11] we assume that observations are independent across time. 

4. Results and discussion 

We received a total of 215 responses to the choice experiments in our 
first treatment from which 192 were useable.4 For our second treatment 
we received 132 responses from which we could use 123.5 We made sure 
that all responses obtained in our second treatment corresponded to 
individuals that were present in the first round (the treatment without 
learning and experience). A summary of the sample characteristics is 
provided in Table A1in Appendix A. As can be seen from Table A1, since 
this is a sample of students, there is very little variation in terms of key 
demographics e.g. age and education. The overall share of EV choices in 
the first round was 89.5% and in the second round was 90.5%. 

We used the software NLogit 6 to estimate a random parameter logit 
model which allows us to account for non-observable heterogeneity 
among individuals. We estimated several models, first considering all 
parameters as random and then reducing the model to include as 
random those that were significant. We consider the ASC for each 

treatment as random and selected the final model based on the one that 
presented the best fit (see Table 3). Battery life and speed were found to 
be non-significant and are therefore treated as non-random. We assume 
a normal distribution for the random parameters. We find that our 

Table 3 
Estimation results – random parameters logit model.  

ATTRIBUTES Choices without learning 
and experience 

Choices with learning 
and experience 

Random Parameters Random Parameters 

Driving range (km) 0.0039*** 0.0056*** 
(0.001) (0.001) 

Battery charging time 
(hours) 

− 0.120** − 0.086** 
(0.051) (0.037) 

Reduction in CO2 

emissions (%) 
0.004 0.009*** 
(0.005) (0.003) 

Plug-in hybrid back-up 
(Yes/No) 

− 0.301 0.068 
(0.243) (0.173) 

Size (# of seats) 1.20*** 0.92*** 
(0.280) (0.146) 

On street parking policy 
(yes/no) 

− 0.005 0.002 
(0.007) (0.005) 

Purchase Price (after 
subsidy) (€) 

− 0.0004*** − 0.0003*** 
(0.000) (0.000) 

ASC − 2.08** − 1.59*** 
(0.842) (0.576) 

Non-Random Parameters 

Battery Life (years) 0.116** 0.051 
(0.052) (0.031) 

Top Speed (km/h) 0.006 0.007** 
(0.004) (0.003) 

Distribution of Random Parameters 

Driving range (km) 0.002 0.004*** 
(0.004) (0.002) 

Battery charging time 
(hours) 

0.152 0.198*** 
(0.111) (0.059) 

Reduction in CO2 

emissions (%) 
0.025** 0.002 
(0.010) (0.006) 

Plug-in hybrid back-up 
(Yes/No) 

0.934* 1.000*** 
(0.512) (0.378) 

Size (# of seats) 0.942*** 0.797*** 
(0.315) (0.158) 

On street parking policy 
(yes/no) 

0.026*** 0.015*** 
(0.009) (0.005) 

Purchase Price (after 
subsidy) (€) 

0.0003*** 0.0002*** 
(0.000) (0.000) 

ASC 1.614*** 1.495*** 
(0.608) (0.386) 

AIC 2126.2 
Log-likelihood 

function 
− 1027.12 

McFadden Pseudo R- 
squared 

0.257 

Chi-squared 712.06 
Number Observations 1260 
Number of individuals 315 

Note: standard errors in parentheses. *** Significant at 1% level; ** Significant 
at 5% level; * Significant at 10% level. Estimations conducted using NLogit 6 
with the command rplogit. This is a pooled sample, single estimation; however, 
the results for coefficients are presented side by side for ease of comparison. The 
ASC belongs to the status-quo. Number of observations and number of in-
dividuals is for the full sample. A number of model specifications were tested and 
this table presents the model with the best fit, which is a linear model with 
continuous parameters. 

3 Individuals were identified by a code number (the final four digits of their 
mobile phone number) in order to match survey results with their responses to 
the first choice experiment in the previous treatment. Due to limitations in 
logistics we could not guarantee that each individual would get exactly the 
same block of choice sets they received in the first treatment, however the list of 
attributes, levels and design remained identical.  

4 23 responses were omitted due to missing information.  
5 Nine responses were dropped due to missing information or they could not 

be matched with a questionnaire answer from the first treatment and we could 
not ensure the respondents were present in both sessions. 
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results are also robust to several specifications of the model.6 The two 
data sets, prior to learning and for the treatment with learning and 
experience, were pooled and were estimated using a dummy variable for 
the treatment with learning and experience. 

The results show that for the case before learning and experience 
(column 2 in Table 3) we see that increased range, larger vehicle size and 
longer battery life have a positive and significant impact on individuals’ 
utility. The purchase price is found to be negative and significant, which 
is in line with economic theory (increases in prices reduce individuals’ 
utility and probability to adopt an EV). On the other hand, increased 
battery charging time has a negative and significant impact on utility. 
These results seem plausible and are consistent with the existing liter-
ature, for example [20, 46]. Results also show that having a plug-in 
hybrid back-up option and higher top speed were found to be 
non-significant. Interestingly, our environmental and policy attributes – 
reduction in CO2 emissions and on-street parking respectively - were 
also found to be non-significant and hence they have no effect on in-
dividuals’ utility. Therefore, we can say that in this case technical var-
iables are important in the potential decision of purchasing an EV, but 
not the associated environmental benefits of a decrease in emissions or a 
policy of reduction in parking fees in public spaces. 

The results after the learning and experience with the EV (which is 
presented in column 3 for ease of comparison) are where individuals 
answered exactly the same choice experiment, but after they have been 
exposed to the learning and experience treatment as described in the 
previous section. Results show that individuals continue to prefer larger 
electric vehicles that have a larger driving range and use a shorter time 
to charge the battery although the size of coefficients has changed 
(increasing in importance for range but decreasing for size and battery 
charging time). The increase in the importance of range is interesting in 
the context of Rauh et al. [47] where drivers who experienced an EV on a 
test drive were compared with more experienced EV users (>60,000 
km). They find that the less experienced drivers (test drive only) had 
greater range anxiety than the more experienced drivers. This is 
consistent with our finding that a short experience increases the 
importance of range, although, in light of the results of [47] it may be 
the case that this importance diminishes with longer ‘experience’ times. 
Range was also highlighted as a key factor in Skippon and Garwood [48] 
who found that following a brief driving experience (10 miles on a 
predefined route) participants were willing to pay a premium for an 
electric vehicle (over an equivalent ICE) if the EV had greater range, a 
result supported by a randomised controlled trial by the same authors 
[49]. 

It is seen that “top speed” becomes a significant attribute with a 
positive sign following ‘learning and experience’, which means that 
people prefer EVs that have higher top speeds. It is plausible that when 
the participants had the opportunity to briefly experience the car and see 
the range of the actual speedometer in the vehicle, this attribute became 
more important for them. This finding is interesting and supports Jensen 
et al. [11] who found in a demonstration trial that preferences for both 
top speed and range became more important following longer experi-
ence with the vehicle. We also see that battery life has become 
non-significant after the learning and experience session. Finally, price 
presents the expected negative sign. 

Interesting, the environmental attribute (reductions in CO2 emis-
sions) gains significance, indicating that after individuals are presented 
with the information about the car and have had a brief experience with 
it, they now appreciate the environmental benefits of the electric 
vehicle. It is perhaps the case that the complexities of how electric ve-
hicles contribute to CO2 reductions became clearer to respondents 

following the information session, and thereby increased the value they 
place on this attribute. 

Comparing the results in columns 2 and 3, we see that the learning 
and experience of EVs has altered the size and significance of a number 
of key attributes and therefore has affected the preferences in some way. 

We find the possibility of a hybrid back-up and the policy measure 
are non-significant both before and after ‘learning and experience’. This 
is notable, particularly given results in Ref. [50] where consumer pref-
erences in China were examined and the authors found that consumers 
value hybrid vehicles over electric vehicles. 

Thus, in summary, we find evidence that the processes of learning 
and experience of the good (EV) affects preferences and the ranking of 
attributes. It is particularly interesting to see how this process impacted 
the importance of the environmental benefits (CO2 reductions) where it 
is seen that this attribute becomes significant after treatment. This is 
consistent with [51] who find that practical short term (24hr) experi-
ence with electric vehicles has the potential to change the evaluation of 
electric vehicle attributes and psychological factors relevant for deter-
mining behavioural intentions. 

The analysis of the random parameters estimated show that there is 
unobserved heterogeneity in preferences between individuals. This 
heterogeneity is also affected by our treatment, we observe a slight in-
crease in unobserved heterogeneity of parameters after the ‘learning and 
experience’, indicating that when participants were given more infor-
mation, their preferences varied more. 

Using the parameters from the model estimated above, we calculated 
the marginal willingness to pay (WTP) for each of the attributes 
considered in our choice experiment. Results are presented in Table 4. 

It is interesting to note that marginal WTP for a number of the ve-
hicle’s attributes (range, charging time, and size) increases in absolute 
terms after individuals are exposed to our treatment of learning and 
experience. In order to evaluate whether these differences are statisti-

cally significant we calculated the standard errors and 95% confidence 

Table 4 
Marginal Willingness to pay (in Euro).  

ATTRIBUTE Choices without learning 
and experience 

Choices with learning 
and experience 

Driving range (per extra 
km) 

11.04*** 21.30*** 
(5.24–16.84) (15.24–27.36) 

Battery charging time − 344.29*** − 324.83*** 
(-620.55 to − 68.03) (-599.56 to − 50.09) 

Reduction in CO2 

emissions (per 1%) 
10.70 32.19*** 
(-18.60–39.99) (8.07–56.31) 

Plug-in hybrid back-up − 861.08 256.60 
(-2240.32–518.16) (-1026.66–1539.87) 

Size 3425.84*** 3486.05*** 
(2291.63–4560.04) (2511.48–4460.61) 

On street parking policy 
(per % reduction in 
public parking price) 

− 14.49 6.85 
(-56.15–27.16) (-30.87–44.57) 

Battery life (per year) 332.34*** 192.39 
(80.70–583.97) (-39.23–424.02) 

Top speed (per km/h) 16.84 25.95** 
(-6.12 – 39.80) (6.07–45.82) 

Note: *** Significant at 1% level; ** Significant at 5% level; * Significant at 10% 
level; 95% confidence intervals in parenthesis. The marginal willingness to pay 
was calculated on the pooled sample but results are presented side-by-side here 
for ease of comparison. Estimations conducted in Nlogit 6 using the command 
wald. 

6 Robustness checks were conducted by estimating several model specifica-
tions and checking the stability of both the random and non-random parameters 
(significance and sign). We obtained consistent results to different specifica-
tions. Results of the alternative model specifications are available upon request. 
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level intervals for each welfare measure using the Wald command in 
NLogit.7 Results are presented in parenthesis in Table 4 and show that 
for all attributes the confidence intervals overlap, indicating that dif-
ferences are not statistically significant. 

Considering the results from our treatment with learning and expe-
rience we can observe that individuals are willing to pay over €21 per 
extra kilometre of driving range in the car. They are willing to pay €325 
for each hour of reduction in charging time for the battery and €26 for an 
increase in top speed. On the environmental attribute, we see that they 
are willing to pay €32 for each percentage reduction in CO2 emissions. In 
addition, the marginal willingness to pay for having extra seating ca-
pacity is very high, ascending to €3486 per extra seat (size). It is 
important to also note that before individuals were exposed to infor-
mation and experience they were willing to pay €332 for an extra year of 
battery life. 

4.1. Limitations and future work 

It should be noted that this study used a convenient sample of uni-
versity students which does not represent the population as a whole, 
thus further work is recommended with a representative sample before 
policy recommendations can be inferred from this work. In relation to 
the discrete choice experiment, given the paper-based nature of this 
survey, it was not possible to personalise attributes based on partici-
pant’s individual characteristics, for example, what car they currently 
own. Future work using online surveys could include this personalised 
element. 

Likewise, there are other characteristics of electric vehicles which we 
could not test here, attributes such as faster acceleration time, lower 
noise, and a ‘smoother’ driving experience could not be accurately 
captured in the short ‘experience’ the participants had with the vehicle. 
Similarly, the adoption of an electric vehicle may require changes in 
mobility patterns, for example, requiring the need to stop to charge the 
vehicle for considerably longer time than to refuel a conventional 
vehicle or anxiety over potential ‘stranding’ with a low battery and no 
convenient charging points. These aspects can only be tested with much 
longer EV experiences, thus, further work is required to tease out the 
importance of these other aspects. 

While this study included some policy based measures in the discrete 
choice experiment there is scope for future work to expand and tailor 
this aspect to consider new and emerging policy instruments. Similarly, 
it would be interesting to disentangle the cost of the car with different 
types of subsidies and the impact this has on preferences and ultimately, 
investment. 

5. Conclusions 

The promotion of electric vehicles has become an important focus in 
global efforts to decrease CO2 emissions in the transport sector. This 
paper studied whether learning by information and brief experience has 
an effect on preferences and welfare measures for potential buyers of 
electric vehicles. 

We used a choice experiment to study preferences of individuals for 
different technical, environmental and policy attributes of EVs before 
and after provision of information and a brief experience with the 
vehicle. Our general results indicate that individuals prefer electric ve-
hicles that are larger, have increased range and shorter battery charging 
times. Each of these variables were statistically significant and are 

consistent with existing literature in the field, while having a hybrid 
back-up was found to be non-significant (which is in contrast to other 
research). 

The introduction of learning through information and a brief expe-
rience with the EVs was shown to affect preferences: first, top speed 
became significant in our treatment with people preferring EVs with 
higher top speeds; second, individuals preferred EVs with longer battery 
life before the treatment, but this attribute became non-significant after 
treatment; and thirdly, the most interesting result in terms of a change of 
preferences is shown in the environmental attribute. 

Our results indicate that the significance of the environmental 
component becomes apparent following treatment. Although the ‘before 
learning’ group also included this attribute, individuals seem to focus 
more on the vehicle characteristics than the environmental benefits 
prior to learning and experience. However, after the learning and 
experience treatment, the CO2 reduction attribute became significant. 
The impact of electric vehicles on CO2 emissions is a complex issue and 
depends on the characteristics of the underlying power system and the 
times of the day when the vehicle is charged. It is possible that partici-
pants were able to comprehend this relationship more clearly following 
the presentation from the electricity utility representative which 
increased the salience of this attribute in their decision making. 

This latter finding also suggests that policies to increase adoption of 
EV should explain how the environmental benefits of EVs are deter-
mined in simple terms (and perhaps highlight that the benefit of EVs will 
likely increase with a reduction in carbon intensity of the power system). 
It is also interesting to note that the policy attribute of reduced parking 
fees was not significant in both groups, indicating that when people 
consider the decision to purchase an EV they may focus more on the 
technical and environmental attributes associated with the vehicle, but 
not the policies, although to reduce cognitive burden we only included 
one policy attribute in this experiment, that of free parking. This may 
change when considering other policies such as permission to travel in 
bus lanes or reduction in toll fees and this is something which could be 
explored in a further study. 

Thus, in summary, the learning and short-term experience of the 
vehicle has a small effect on preferences, but there was no significant 
impact on the welfare measures (willingness to pay for the attributes 
associated to EVs). This finding supports previous literature, which in-
dicates that longer term, for example week-long or even month-long EV 
experience, may be required to significantly alter preferences. This 
could be made possible through initiatives such as short-term car rental/ 
car sharing programmes like “Green Mobility”, which will be introduced 
in Ireland in the coming years [53]. 
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Appendix A  

Table A1 
Sample summary statistics   

Mean Std Dev Min Max 

Age 20.56 6.79 17 64 

Highest level of Education: % of respondents 

Primary School 0% 
Secondary School 94% 
Bachelor Degree 3% 
Masters Degree 0% 
PhD 0% 
Other 3% 

Female 61% 
Share of EVs choices in survey 1 89.5% 
Share of EV choices in survey 2 90.5%  
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