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A B S T R A C T   

This paper investigates Spanish drivers’ perceptions of the main barriers existing in Spain to the 
purchase of zero-emission vehicles (ZEVs). Following a comprehensive literature review in this 
field, this paper quantifies, by means of a survey conducted in Spain of 1474 Spanish drivers, the 
drivers’ desired levels for each barrier to consider ZEVs in their next purchase decision to replace 
their current usually-used car. 

The analysis of these reported levels with latent class cluster models revealed the existence, in 
the sample, of groups of consumers with homogeneous preferences regarding the barriers. These 
groups differ in terms of individuals’ characteristics, the car to be replaced, and journeys made 
with it. The most flexible groups comprise individuals with a significant knowledge of ZEVs, 
which underscores the importance of educational policies for the promotion of the use of ZEVs. 

The desired levels of the barriers for each group are confronted with the current status of the 
barriers for certain ZEVs. This comparison reveals that Fuel Cell Electric Vehicles (FCEVs) would 
have great potential if they received government support, because their only barriers are eco-
nomic (purchase price and fuel availability). This paper also quantifies the effects that purchase 
incentives and infrastructure investment policies could have in terms of higher FCEV penetration 
rates.   

1. Introduction 

Zero-emission vehicles (ZEVs) are motor vehicles that do not produce direct tailpipe emissions. These vehicles can be divided into 
two groups: electric vehicles that store energy in a battery (Battery Electric Vehicles or BEVs), and electric vehicles in which energy is 
stored in the form of hydrogen (Fuel Cell Electric Vehicles or FCEVs). They are considered solid alternatives to overcome most of the 
problems associated with the use of fossil fuels in the transportation sector (European Commission, 2011, 2014; Han et al., 2014; Ou 
et al., 2018; Shaheen et al., 2020; Wesseling et al., 2014; Zhang and Cooke, 2010). 

Over the past decade, new ZEV models have appeared, and are being mass produced. However, their market penetration remains 
less than 5% in most countries (European Alternative Fuels Observatory, 2021). There are still several barriers that make individuals 
reluctant to purchase these vehicles compared to fossil-fuel-powered vehicles. Of course, the barriers are not necessarily the same for 
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FCEVs and BEVs, as they have different characteristics, performance levels, and associated infrastructure. 
In order to attain a successful penetration of ZEVs, it is therefore necessary to study how these barriers make difficult their choice in 

the various stages of the car-purchase decision process. Evidence (Hauser, 2014) suggests that, in markets with many alternative 
products (such as the car market), consumers reduce the cost of their decision process using a two-stage process (Fu et al., 2017; 
Gensch, 1987; Horowitz and Louviere, 1995; Kaplan et al., 2009; Manski, 1977; Paleti, 2015; Simon, 1955; Suzuki, 2007; Swait and 
Ben-Akiva, 1987; Xu et al., 2015), where they first apply a number of non-compensatory heuristics to discard the alternatives that they 
will not consider (consideration-set formation stage), and subsequently they compare the remaining alternatives (the consideration 
set) to make a decision (final-choice stage). The motivation for this two-stage formulation is that consumers often use decision rules for 
the consideration set that differ from those for the final choice (Hauser et al., 2009). 

The previous literature in this field has largely focused on the study of the effects of the barriers in the final-choice stage (Ferguson 
et al., 2018; Hackbarth and Madlener, 2013, 2016; Hidrue et al., 2011; Kormos et al., 2019; Ščasný et al., 2018; Sheldon et al., 2017). 
However, given the very low penetration of these vehicles into the transportation sector, attention should also be paid to their effect in 
the consideration-set formation stage. This stage is crucial for policy-makers and car manufacturers to ascertain how to entice con-
sumers into considering ZEVs. Given the very high number of car alternatives in the market, the inclusion of ZEVs in the consideration 
set considerably increases the odds of their sale (Hauser et al., 2009). 

In this consideration-set formation stage, consumers could consider some minimum or maximum acceptable levels (cutoffs) for the 
barriers to consider purchasing ZEVs. Attribute cutoffs play a key role in this stage because they provide the basis for two very common 
non-compensatory rules applied to consideration-set formation (Chen and Hwang, 1992; Dzyabura and Hauser, 2011; Hauser, 2014; 
Huber and Klein, 1991; Pham and Higgins, 2004; Truong et al., 2015): the conjunctive rule and the Elimination-by-Aspects (EBA) rule. 
In the conjunctive rule, the consideration set is formed by all the alternatives that meet the attribute cutoffs, whereas in the EBA rule, 
the consumer removes the alternatives in order of attribute importance if they fail to meet the cutoffs. In terms of consideration sets, 
deterministic EBA is indistinguishable from the conjunctive rule (Dzyabura and Hauser, 2011; Hauser, 2014; Hauser et al., 2009; 
Hauser et al., 2014; Moe, 2006). Applications of these heuristics to consideration-set formation in car-purchase decisions include those 
by Bakken (2006), Kim and Ratchford (2012), Paulssen and Bagozzi (2005), Punj and Brookes (2002), and Xu et al. (2015). 

Given the very low penetration of these vehicles into the transportation sector in Spain (0.11% of the total fleet in the case of BEVs 
in 2019, and only two FCEVs sold up until that year) (European Alternative Fuels Observatory, 2021), it appears that Spanish drivers 
could be using certain cutoff levels for the barriers (for example, until the price difference of a ZEV with respect to its conventional 
vehicle counterpart falls below a certain amount, or until they perceive a sufficiently convenient alternative recharging/refuelling 
infrastructure). Through a survey of 1474 Spanish drivers, this paper focuses on the threshold levels of the main barriers, as identified 
in the literature, that Spanish drivers use to consider purchasing ZEVs. Individuals’ heterogeneity in the perception of these barriers is 
modelled using latent class cluster models. Finally, identified groups are characterised by several non-parametric tests in terms of 
various covariates (socio-economic and mobility characteristics of drivers, drivers’ attitudes, and their knowledge). 

To the best of our knowledge, this is the first paper in this field that analyses the relationships between stated cutoff levels for 
different barriers with latent class cluster models. This approach is very informative for any region in the early stages of the transition 
to ZEVs, since it provides information on the minimum requirements people demand in order to consider the purchase of these ve-
hicles. Furthermore, this approach enables the identification of groups of people with different requirements for these minimums and, 
therefore, it provides information on the probable timing of their purchase of ZEVs and on the actions that need to be implemented to 
bring a particular group into the market. 

The structure of this paper is as follows. Section 2 provides a comprehensive review of the literature on barriers to the adoption of 
ZEVs, Section 3 describes the sample and the questionnaire. Section 4 contains the model employed to analyse the data. Section 5 
presents the results, and Section 6 provides the discussion. Finally, the last section summarises the conclusions. 

2. Literature review 

The study of these barriers has been conducted from various viewpoints. In this paper, we classify the existing literature into two 
groups: the papers that aim to identify the main barriers to the adoption of ZEVs within the population; and the papers that study the 
effect of these barriers in ZEV purchase decisions. 

2.1. Identification of the main barriers 

This section goes through different approaches based on consumers’ perceptions that have been utilised in the identification of the 
main barriers that hamper the penetration of ZEVs into the market (see Fig. 1). 

Fig. 1. Various approaches to the identification of the main barriers.  

A. Rosales-Tristancho et al.                                                                                                                                                                                          



Transportation Research Part A 158 (2022) 19–43

21

In this context, several authors have studied the importance of the barriers for consumers by asking them to reveal the main barrier 
they encounter (Adhikari et al., 2020; Andriosopoulos et al., 2018; Barisa et al., 2016; Chachdi et al., 2017; Egbue and Long, 2012; 
Iribarren et al., 2016; Zhang et al., 2018). The results obtained in these papers are summarised in Fig. 2. In the case of BEVs, the most 
frequently mentioned barriers are the lack of public charging infrastructure (34% of individuals in Barisa et al., 2016; 13.6% in 
Adhikari et al., 2020), the limited range (32% of students and 40.5% of faculty members of the University of Perugia, Italy, in 
Andriosopoulos et al., 2018; 33% in Egbue and Long, 2012; 37.8% in Zhang et al., 2018), and the higher purchase price compared to 
conventional vehicles (52% in Chachdi et al., 2017). Other barriers related to the performance and features of the car/battery 
(including charging time) are often mentioned in several of the papers. In the case of FCEVs, purchase price (34.63%) and fuel 
availability (22%) emerge as highly relevant barriers (Iribarren et al., 2016). 

Likewise, other authors have asked individuals to indicate the most important barriers (not only one), normally without a limit to 
the number of barriers to be specified (Bühler et al., 2014; Cellina et al., 2016; Ciarapica et al., 2013; Hardman et al., 2016a, 2017; Noel 
et al., 2020). Some of the results obtained from this approach are shown in Fig. 3. Limited range arises again as a highly significant 
barrier for BEVs, and reaches the highest percentages in several papers (65% in Cellina et al., 2016; 59.9% in Noel et al., 2020). In 
Bühler et al. (2014), this factor is not only the most commonly mentioned barrier, but also the only factor increasing its percentage 
from 56.4% (T0) to 70.5% (T1) following 3 months of driving a BEV. In Ciarapica et al. (2013), range also reached high percentages 
(68.7%), although the most frequently mentioned barrier was the higher purchase price (70.5%). Other factors such as infrastructure 
and, with much lower percentages, charging time and safety/reliability are included by consumers in the list of barriers for BEVs. The 
lack of infrastructure is again the most commonly mentioned barrier for FCEV adoption in Hardman et al. (2016a, 2017) (63.3% and 
63.2%, respectively). 

A third approach consists of asking individuals to rate, on a scale, the importance of a given set of barriers in their ZEV purchase 
decision (Berkeley et al., 20181; Ciarapica et al., 20132; Hardman et al., 2016a3, 2016b4; Haustein and Jensen, 20185; Larson et al., 
20146; Lebeau et al., 20137; She et al., 20178). Results from this approach are shown in Fig. 4. In this figure, the absence of a barrier in a 
particular paper is not relevant, as the barriers to be rated are chosen by its authors. Therefore, the focus should be placed on the 
relative ratings between those barriers that have been included. 

For BEVs, on considering a 5-point scale, purchase price received the highest mean rating in Berkeley et al. (2018) (4.3), Ciarapica 
et al. (2013) (4.3), Larson et al. (2014) (4.28, tied with reliability), Lebeau et al. (2013) (4.1), Hardman et al. (2016b) (3.4) for the 
group of high-end adopters, and Haustein and Jensen (2018) (3.7, tied with public infrastructure) for conventional car users. Limited 
range is the top-rated barrier in Hardman et al. (2016b) for the group of low-end BEV owners (4.4). Finally, safety is considered the 
most important barrier in She et al. (2017) (4.9). As in previous figures, the lack of public infrastructure is very highly rated in the 
papers in which it was included. It is also worth mentioning the importance given by consumers in various papers to the charging time 
of the BEVs: this barrier features among the top three highest-rated barriers in certain papers. 

For FCEVs, Hardman et al. (2016a, 2016b) shows the results of a survey conducted on participants in an FCEV trial. When rating 
barriers of FCEVs were compared to conventional vehicles and BEVs, participants top-rated the higher purchase price (4.6 and 4.2 on a 
5-point scale, respectively): this barrier is rated more than one point higher than the second-highest-rated barrier. 

Kim et al. (2020) use AHP to identify the main adoption barriers in order to explain the slow market diffusion of BEVs in Korea. 
They asked experts and drivers with prior knowledge of BEVs to evaluate different barriers to market diffusion of BEVs, by means of 
pairwise comparisons, on a 9-point scale. They found that charging concerns (which included lack of charging infrastructures, a limited 
driving range, and long charging time) constituted the most important barrier. The burden of costs, which includes the initial car costs, 
was the second-most important barrier for drivers and the third for the expert group (the second-most important barrier for the group 
of experts being the existence of insufficient policies to promote the adoption of BEVs). Finally, Noel et al. (2020) interviewed experts 
from Denmark, Finland, Iceland, Norway, and Sweden to identify the main barriers that electric vehicles face and their in-
terconnections. From these interviews, they obtained a list of 53 different categories of barriers, with range, price, public charging 
infrastructure, and consumer mental barrier or knowledge in the top 4 (mentioned by more than 40% of the experts). Connections 
between barriers were studied by analysing transcriptions of the interviews with NVIVO software. 

2.2. Effects of the barriers in ZEV purchase decisions. 

Papers described in this section aim to analyse the influence of different barriers in the consideration or choice of ZEVs. 
Several authors have paid attention to the effects of the levels of the barriers on the willingness to purchase ZEVs by asking in-

dividuals about their willingness to consider the purchase of ZEVs for some particular levels of certain barriers or the levels required in 
order to consider their acquisition (Brey et al., 2017; Chachdi et al., 2017; Ciarapica et al., 2013; Egbue and Long, 2012; Larson et al., 

1 5-point Likert scale (1: no concern at all; 5: really serious concern).  
2 1, the factor is a barrier; 2, otherwise.  
3 5-point Likert scale (1: far worse; 5: far superior).  
4 5-point Likert scale (1: far superior; 5: far worse).  
5 5-point Likert scale (1: very dissatisfying; 5: very satisfying).  
6 5-point scale (1: very low; 5: very high).  
7 4-point scale (1: not important disadvantage; 4: crucial disadvantage).  
8 5-point Likert scale (1: not impeditive; 5: strongly impeditive). 
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2014; Lebeau et al., 2013; Lipman et al., 2018; Martin et al., 2009). 
Regarding the existence of public refuelling infrastructure, Martin et al. (2009) asked individuals about their maximum willingness 

to deviate from their normal route to refuel FCEVs (see Figs. 5a and 5b) and ascertained that 89% are willing to accept deviations of 
more than 5 min, but only 29% are willing to accept deviations of more than 15 min (see Fig. 5a). As an alternative question, Brey et al. 
(2017) used the percentage of existing stations that should offer hydrogen to refuel and the maximum distance to the closest station 
offering hydrogen. They found that acceptance rates higher than 50% could be achieved when availability of the fuel is at least 20% of 
that of the conventional stations (see Fig. 5b), or when the driving time to the closest hydrogen station is less than 10 min. 

For the range (see Fig. 6), Chachdi et al. (2017) indicated that 62% of the sample would be satisfied with a range higher than 200 
km for BEVs, while 38% would accept a range between 100 and 200 km. Egbue and Long (2012) found that 32% requested a minimum 
range of between 0 and 100 miles (160.93 km) to consider the purchase of a BEV, 23% a range between 100 and 200 miles (160.93 and 
321.87 km), and 45% a range greater than 200 miles (321.87 km). The average minimum range desired was 215 miles (346 km). 
Lebeau et al. (2013) enquired as to the acceptable level of range for BEVs and found that 10.4%, 32.6%, 49.5%, and 71.1% of the 
sample were satisfied with less than 200 km, 300 km, 400 km, and 500 km, respectively. 

In Martin et al. (2009), the percentages of acceptance were 4%, 22%, 23%, and 42% for ranges of FCEVs in the intervals 0–120 km, 
120–240 km, 240–360 km, and 360–480 km, respectively. Lipman et al. (2018), asking about the range of 440 km reached by the 
Toyota Highlander “FCHV-adv”, found that 26% of the sample considered that was “very limiting” or “slightly limiting”, whereas the 
rest of the sample stated that it was adequate for their needs. 

Fig. 6 summarises these results for the case of range. This figure shows that ranges of approximately 400 km are sufficient to attain 
acceptance rates higher than 50% in the population. 

The effect of charging time has also been studied for BEVs following this approach (see Fig. 7). This barrier is not relevant in the 
case of FCEVs as they have similar performance to conventional vehicles in terms of refuelling time. The effect of this barrier in a BEV 
purchase decision will depend on the desired recharging behaviour of the driver. The refuelling paradigm for all BEV owners does not 
necessarily have to be the same as for those of conventional vehicles, since they can recharge their BEVs at home. Home or workplace 
charging is expected to be a crucial factor for these vehicles (Lebeau et al., 2013). Therefore, this barrier will be mainly relevant for 
those owners of BEVs that wish to charge their BEVs away from their home or their workplace. For slow charging, consumers are 
willing to accept longer charging times, probably because this charging type is associated with home charging and night charging 
(Lebeau et al., 2013): 70.4% is willing to accept up to 4 h to recharge. For fast charging, more closely linked to en-route charging, 
consumers demand much shorter charging times. According to Chachdi et al. (2017), 78% of the sample accept a charging time be-
tween 30 and 60 min, 14% up to 120 min, and only 8% are willing to accept periods longer than 120 min. In Egbue and Long (2012) 
and Lebeau et al. (2013) (for fast charging), charging-time requests are more severe: 86% and 34% of their samples want to charge 
their vehicles in no more than 15 min. 

This approach has been extensively used to study the effect of purchase price. The results are summarised in Fig. 8. However, this 
figure must be interpreted with caution because willingness-to-pay responses are highly contingent on the willingness-to-pay scenario 
used in each study. Therefore, these results are not easily comparable. 

Ciarapica et al. (2013) asked respondents how much extra they would be willing to spend on an electric vehicle (BEV, HEV or 
PHEV). According to this author, 25.3% of the sample would be willing to pay up to €2,000 extra for a BEV, 44.6% would pay between 
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Fig. 2. Most-relevant barriers.  
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€2,000 and €4,000, 22.3% between €4,000 and €6,000, and 7.8% more than €6,000. 
Larson et al. (2014) asked “How much more in initial purchase price would you be willing to pay for an electric vehicle (BEV or 

PHEV) compared to a ‘‘conventional’’ car?”. They formulated this question without and with additional information on fuel and 

Fig. 3. Percentage of respondents citing each barrier.  
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Fig. 4. Factors evaluated on a 5-point scale (see footnotes 1–8).  
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lifetime cost savings to three different groups: experienced users, students, and the general population. In this exercise, without 
additional information on cost savings, they found that the percentage of respondents in the general population unwilling to pay more 
for an electric vehicle than for its traditional fuel counterpart was approximately 51% (of which 12.3% would not buy a BEV at any 
price), whereas around 26% would be willing to pay $5,000 extra for it. Lebeau et al. (2013) formulated a similar willingness-to-pay 
question for BEVs and obtained 73% and 12%, respectively. 

Martin et al. (2009) asked participants of a “ride and drive” clinic held in California with FCEVs how much more they would be 
willing to pay, compared to their current gasoline vehicle, for a vehicle operating comparably to the vehicle they currently owned but 
with no air-quality impacts (including emission from fuel production). The results showed that 7% percent of the sample was unwilling 
to pay more for such a vehicle, but 44% would pay $5,000. 

Within this context, the most commonly used approach by far to identify the main barriers and analyse their effect in the choice 
stage of the consumer’s car-purchase decision is the use of stated-preference discrete-choice modelling (Achtnicht et al., 2012; Per-
nollet et al., 2019). Individuals are faced with various car options characterised by certain attributes (including barriers and/or policy 
measures) with different levels, and they are then asked to express their preferences for the different car options through choices. 
Discrete-choice models are subsequently utilised to analyse the implicit trade-offs between attributes that consumers made when 
revealing their preferences. By assuming that individuals have compensatory preferences over the set of attributes in the levels 
considered, this approach enables the marginal relative importance of the different attributes for consumers in their car-purchase 
decision to be obtained (Byun et al., 2018; Choi et al., 2018; Cirillo et al., 2017; Ferguson et al., 2018; Giansoldati et al., 2018; 
Hackbarth and Madlener, 2016; Huang and Qian, 2018; Ito et al., 2019; Kormos et al., 2019; ̌Sčasný et al., 2018). If these trade-offs are 
analysed with respect to a monetary attribute (usually purchase price), then it is possible to obtain estimates of the mean of consumers’ 
willingness to pay for marginal changes in the levels of the barriers (Byun et al., 2018; Choi et al., 2018; Cirillo et al., 2017; Ferguson 
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et al., 2018; Hackbarth and Madlener, 2016; Huang and Qian, 2018; Kormos et al., 2019; Ščasný et al., 2018). 

2.3. Consumers’ heterogeneity. 

Naturally, not all consumers perceive the different barriers similarly and there are individuals who are more flexible regarding the 
levels of the different barriers and are therefore more willing to consider the purchase of ZEVs. These differences may be due to in-
dividual attitudes towards the environment or new technologies (Axsen et al., 2015; Egbue and Long, 2012; Ferguson et al., 2018; 
Kormos et al., 2019; Priessner et al., 2018), to vehicle uses and types (Hardman et al., 2016b; Haustein and Jensen, 2018; Nazari et al., 
2019; Ščasný et al., 2018), and to socio-demographic characteristics (Andriosopoulos et al., 2018; Hackbarth and Madlener, 2013; 
Larson et al., 2014; Priessner et al., 2018), and they would lead to consumers having different timings for their purchase of ZEVs. 

This heterogeneity can be modelled within the stated-preference discrete-choice approach by interacting the attributes repre-
senting the barriers with socio-demographic variables (Hackbarth and Madlener, 2013; Sheldon et al., 2017), either by assuming that 
the preferences vary in the population according to a particular distribution (Ščasný et al., 2018; Sheldon et al., 2017), or by assuming 
the existence in the population of different classes (subpopulations) where preferences vary across, but not within, said classes 
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(Ferguson et al., 2018; Hackbarth and Madlener, 2016; Hidrue et al., 2011; Kormos et al., 2019; Sheldon et al., 2017). 
The aforementioned formulation based on latent classes has been used in the past few years to segment consumers in terms of their 

preferences for the different car technologies, as well as to characterise these segments. Individuals with similar preferences for the 
different attributes are grouped together, thereby estimating different preference parameters for each group. As class membership is a 
latent variable, individuals are assigned to a group with a certain probability, and this probability can be related to certain covariates, 
which enables the characterisation of each group. 

Table 1 shows different consumers’ perceptions of the barriers obtained in the literature for different classes (subpopulations) by 
means of latent class discrete-choice models. For the sake of simplicity, this table only focuses on the four most relevant barriers for 
BEVs and FCEVs obtained from the previous sections. Hackbarth and Madlener (2016) and Kormos et al. (2019) are shown in both 
categories since they use specific variables for the two types of technology. 

Table 1 reveals the existence of heterogeneity in the population preferences for these four attributes, since there are attributes 
whose perception differs across classes (and can even be negative for certain classes and positive for others). The only attribute that is 
consistently perceived is that of purchase price, which is significantly and negatively perceived in all the classes, while significant 
charging or refuelling infrastructure and range are predominantly positive, and charging time is mostly negative. Up to nine different 
combinations of preferences (according to the direction of the preferences) have been obtained in the papers that consider said four 
barriers, with only two combinations repeated in different papers. Several papers in Table 1 obtained the same combinations several 
times because they differ in the intensity (not the direction) of the preferences for the barriers. 

Given the early stage of the introduction of these vehicles in the transport sector in Spain, this paper focuses on the minimum levels 
of the barriers that Spanish drivers are willing to accept in order to consider the purchase of ZEVs, and accounts for heterogeneity in the 
stated cutoff levels through the use of latent class models. To the best of our knowledge, this is the first paper modelling these types of 
responses with this particular approach in this field. The questionnaire is described in Section 3. 

3. Survey 

This paper is based on a phone survey of drivers (n = 1474) conducted in Spain towards the end of 2017 to study their willingness to 
purchase ZEVs. This survey method was chosen because it was cheaper than person-to-person interviews and it enabled easy control of 
the quality of the data-collection process (Bickman and Rog, 2009). Moreover, the questionnaire was short and addressed a familiar 
commodity, and thus did not require the use of visual aids or photographs. 

The sample was stratified by gender and age, following the characterisation of Spanish drivers obtained from the Directorate 
General for Traffic (2016). The sample was drawn from the 5 most populated cities in Spain (Madrid, Barcelona, Valencia, Seville, and 
Zaragoza), which accounted for 14.9% of the total population in Spain in 2017 (National Statistics Institute, 2020), since metropolitan 
areas play a key role in the initial stages of the transition to ZEVs due to the fact that they have the means and resources needed to 
implement the required actions (International Council on Clean Transportation, 2018). The sample was split up among the cities by 
ensuring a minimum sample size in each city and, once this criterion was satisfied, proportionally to the population size of each city. 
Table 2 describes the sample. 

The questionnaire was short, comprising 23 questions, and focused on the car usually driven by the respondent and on their next 
purchase decision for its replacement. The questionnaire included questions on the characteristics of their usual vehicle and on 
journeys made with said vehicle, the respondent’s degree of awareness (measured on a 5-point response scale) of the problems deriving 
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Table 1 
Consumers’ perceptions of the barriers by means of latent class models.  

Latent 
Class 

Barriera EV FCEV Total 

I R RT PP Axsen et al. 
(2015) 

Axsen et al. 
(2016) 

Ferguson et al. 
(2018) 

Hackbarth and 
Madlener (2016) 

Hidrue et al. 
(2011) 

Kormos et al. 
(2019) 

Sheldon et al. 
(2017) 

Hackbarth and 
Madlener (2016) 

Kormos et al. 
(2019) 

1  + –       3   3 
2  + + –     2     2 
3 + NS  – 2 2        4 
4 NS NS  – 2 2       4 8 
5 NS + – 1 1        2 
6 + + –         1 1 
7 NS + – –   1     1  2 
8 NS NS – –   1       1 
9 + + – –   2 3      5 
10 + + NS –    1    4  5 
11 NS + NS –    1      1 
12 + NS NS –    1    1  2 
13 NS NS NS –      3    3 
14 NS – NS –      1    1 
15 NS NS + –      1    1 
Total 5 5 4 6 2 5 3 6 5 41  

a (I) Infrastructure; (R) Range; (RT) Refuelling time; (PP) Purchase price. 
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from the use of conventional fuel vehicles (environmental pollution, energy dependency, noise), the respondent’s level of knowledge 
of ZEVs, their willingness to purchase this type of vehicle and pay a premium for said acquisition, and their perception of other market 
barriers. It also included several socio-economic questions. 

Several pre-tests were conducted to develop and validate the final questionnaire (two rounds of focus groups, cognitive interviews, 
and a small pilot survey). These focused on the understandability (when explained orally) and credibility of the scenario, the incentives 
for the respondent to provide reliable responses, and the determination of the proper length of the survey. 

This paper focuses on the responses provided by drivers in relation to the main barriers faced by ZEVs in achieving significant 
market penetration: vehicle price, fuel availability, range, and recharging/refuelling time. Obviously, these barriers do not have to 
influence, in the same way, the decisions to buy either a BEV or a FCEV. BEVs allow home charging and therefore drivers of these 
vehicles could have a different refuelling paradigm. However, Section 2 shows that potential drivers of these vehicles still demand 
certain levels of charging time and charging infrastructure. Moreover, only 44.9% of Spanish cars have private parking; a similar 
percentage is attained in main cities such as Madrid (40.8%) and Barcelona (43.8%) (City Council of Barcelona, 2021; City Council of 
Madrid, 2021; Directorate General for Traffic, 2019; Ministry of Transport, Mobility and Urban Agenda, 2021; National Statistics 
Institute, 2011). Hence, this paper considers the general case of a ZEV. 

Survey responses were expected to be meaningful because the hypothetical scenario used in the survey was consequential to the 
respondents (Bishop and Boyle, 2019; Carson and Groves, 2007; Loomis, 2011). For this purpose, first those individuals who were 

Table 2 
Characteristics of the sample population.  

Variable Sample (%)  

Madrid Barcelona Valencia Seville Zaragoza Total 

Sample Size 395 357 273 244 205 1,474 
Gender       
Female 43 41.2 41 41.8 37.1 41.2 
Male 57 58.8 59 58.2 62.9 58.8 
Age       
18–24 0 2.5 2.2 0.4 0.5 1.2 
25–34 11.4 7.8 14.7 20.9 14.6 13.2 
35–44 36.2 36.1 31.9 26.2 30.7 33 
45–54 26.8 27.7 26 25.8 22.9 26.2 
55–64 6.1 7.6 17.2 17.2 22.9 12.7 
65+ 19.5 18.2 8.1 9.4 8.3 13.8 
Household size      
1 7.6 7.8 9.2 9.4 8.3 8.3 
2 29.1 32.5 27.8 26.6 24.9 28.7 
3 26.3 24.9 27.8 27.5 25.9 26.4 
4 28.4 25.8 26.7 25.4 32.7 27.5 
5+ 8.6 9 8.4 11.1 8.3 9 
Number of household vehicles     
1 51.1 72.5 69.6 55.3 57.1 61.3 
2 40.8 22.1 26 35.7 38 32.3 
3+ 8.1 5.3 4.4 9 4.9 6.4 
Highest level of education completed     
No primary education or only primary education 1 2 3.3 2 0.5 1.8 
1st level of Secondary Education 22 22.1 27.5 30.7 29.3 35.5 
2nd level of Secondary Education 33.2 34.2 34.1 28.7 33.2 32.8 
Higher Education 43.8 41.7 35.2 38.5 37.1 39.9 
Household income per month     
Less than €2,000 24.6 24.1 36.6 36.9 29.3 29.4 
€2,000-€3,999 49.1 46.5 46.9 41 50.7 46.9 
€4,000-€5,999 10.9 13.4 6.6 9.8 5.9 9.8 
Over €6,000 5.1 5.6 2.9 5.3 3.9 4.7 
Not given 10.4 10.4 7 7 10.2 9.2 
Work status       
Hired hand 58 60.5 61.5 52.5 66.8 59.6 
Self-employed 13.9 15.1 7.7 14.8 11.7 12.9 
Student 0 1.4 1.5 2 1 1.1 
Unemployed 7.1 3.6 12.8 14.3 7.8 8.6 
Housekeeper 2.3 1.1 2.9 2.5 0.5 1.9 
Retired 18.7 18.2 13.6 13.9 12.2 15.9  
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within the potential market for ZEVs were identified, that is, those individuals who were willing to consider ZEVs in their next purchase 
option to replace their usual vehicle. To this end, the following question was included in the survey: 

The individuals who answered negatively to this question were eliminated from the analysis, since it was considered that they were 
individuals who remained outside the potential ZEV market, since, even within a scenario in which the ZEV was presented as a 
dominant alternative compared to conventional vehicles (same characteristics in addition to their environmental and energy ad-
vantages), these individuals were unwilling to consider such a vehicle. 

In relation to the purchase price barrier, in order to isolate the existence of premiums for ZEVs, the willingness to pay was raised as 
an additional cost compared to a conventional vehicle with similar characteristics except for its polluting and noise emissions and for 
its effects on energy dependence: 

These reported amounts can be interpreted as the maximum premium that drivers are willing to pay for their perceived benefits of 
driving a ZEV. Deviations from this scenario (by worsening characteristics and/or performance levels of ZEVs) would lead to lower 
willingness to pay. 

Respondents were subsequently told that, despite their advantages, ZEVs do not have the same fuel availability and that they 
sometimes fail to offer the same performance as gasoline or diesel cars. The respondents were then immediately asked the questions 
corresponding to fuel availability, range, and refuelling time. Fuel availability was measured as the driving distance to the closest 
alternative refuelling station instead of as a percentage of alternative refuelling stations over existing conventional stations. The survey 
pre-tests showed that people found the former measure easier to understand than the latter because this is the kind of information they 
consider in their refuelling decisions. The pre-tests also suggested describing both fuel availability and refuelling time in terms of time 
intervals given their small range. These questions were as follows:   

These measurements of the barriers and attitudes aim to capture their most relevant dimension but they fail to capture their whole 
complexity. They are based on drivers’ perceptions regarding the main barriers that hamper the introduction of ZEVs into the market, 
because these perceptions guide their decisions. Therefore, they have been chosen after a careful review of the literature based on 
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consumers’ opinions. This explains why, for example, this paper considers purchase price and not lifetime costs. From our review, we 
have ascertained that purchase price (and not other costs) is one of the most important barriers, even when cost disaggregation is 
considered (Adhikari et al., 2020; Chachdi et al., 2017; Hardman et al., 2016a, 2016b; Haustein and Jensen, 2018; Larson et al., 2014). 
Moreover, several studies on consumers’ perceptions of ZEV prices have shown that consumers focus on purchase price rather than on 
the calculation of the total cost of ownership (Larson et al., 2014; Noel et al., 2020; Turrentine and Kurani, 2007). 

4. Methods 

This paper aims to study drivers’ preferences regarding the levels of range, purchase price, fuel availability, and refuelling time they 
are willing to accept to consider ZEVs in their next purchase decision. Population heterogeneity in the sample is incorporated into the 
model by considering the existence in the sample of groups with different preferences for the barriers. These groups are not observable, 
but since they present differences in perceptions, they can be obtained from individuals’ responses to the levels of the barriers they are 
willing to accept. Therefore, these responses will be taken herein as observed indicators of the latent classes. In this paper, this 
grouping was made by using a latent class cluster model (Vermunt and Magidson, 2016). Unlike other clustering approaches (such as 
K-means method or the two-step clustering method), this is a model-based cluster approach that enables observations to be proba-
bilistically grouped with respect to a set of qualitative (nominal and ordinal) and/or quantitative (continuous and discrete) indicators. 

This model assumes that there is a nominal latent variable x (x = 1, 2, ...,K) that represents the latent classes, with K being the 
number of latent classes assumed in the model. This variable is assumed to explain the observed values in T response variables yt 
(indicators), where t = 1, 2, ...,T denotes a particular indicator. Given an individual i (i = 1, ...,n), the density function of their values 
on the set of indicators yi =

(
yi1, ..., yiT

)
is written as: 

f (yi) =
∑K

x=1
πx

∏T

t=1
f (yit|x)

where πx is the prior probability of belonging to class x , and f
(
yit |x

)
is the density function of each indicator conditioned on the 

membership class. This formulation assumes that indicators yt are conditionally independent of each other within the latent classes, 
that is, the latent variable explains the relationships between indicators (Cheng, 2012). 

The formulations of the density functions depend on the type of indicator. Here we focus on the types used in the survey: continuous 
(WTP and range) and ordinal (fuel availability and refuelling time) indicators. 

Continuous indicators are usually assumed to be normally distributed variables within latent classes with mean μtx and standard 
deviation σtx. In order to make this model more parsimonious, it is assumed that these means depend on only the membership class, 
that is, μtx = βt +

∑K
j=1
∑K

x’=1βtx’Zjx’(x), where βt is the model intercept for indicator t, βtx is the effect of the latent class x on μtx for 
indicator t, and Zjx’(x) is a binary variable that takes a value of 1 if x’ = j = x . Therefore, in these cases, the density function can be 
written as: 

f (yit|x) =
e
− 1

2

(
yit − μtx

σtx

)2

̅̅̅̅̅̅̅̅̅̅̅
2πσ2

tx

√

Ordinal indicators are modelled in this paper by means of the constant-slope adjacent-category logit models. These models directly 
consider the ordering of the categories by forming logits of all pairs of adjacent categories. Again, in order to keep the models 
parsimonious, it is assumed that, for each ordinal indicator, these logits depend on only the membership class. For each category 
m (with m = 1,2,…,Mt), these logits can be expressed as: 
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log
(

P(yit= m + 1|x)
P(yit= m|x)

)

= βtm +
∑K

j=1

∑K

x’=1
βtx’Zjx’(x).

As a consequence of formulation, the probability of choosing a category m can be written as: 

P(yit= m|x) =
eβtm+m

∑K

j=1

∑K

x’=1
βtx’Zjx’(x)

∑Mt
m’=1eβtm’+m’

∑K

j=1

∑K

x’=1
βtx’Zjx’(x)

,

This formulation assumes that the effect of the class membership x on the log-odds is independent of m. 
As a result of this formulation: 

P(yit= m + 1|x)
P(yit= m|x)

= eβtm e
∑K

j=1

∑K

x’=1
βtx’Zjx’(x)

that is, the effect of the class membership x is a proportionate change in the odds of being in category m as opposed to category m + 1 
for all the response categories m. If membership to a cluster x doubles the odds of being in category 1 as opposed to category 2, it also 
doubles the odds of being in category 2 as opposed to 3, and the same for the odds of any pair of adjacent categories. 

This proportional odds assumption can be relaxed by assuming that the effect of the class membership on the log-odds differs 
depending on m: 

log
(

P(yit= m + 1|x)
P(yit= m|x)

)

= βtm +
∑K

j=1

∑K

x’=1
βtmx’Zjx’(x).

This change in the model leads to the multinomial logit model (Fullerton, 2009). 
The probability πx of an individual belonging to class x is modelled in this paper by a multinomial logit model. In order to reduce the 

number of parameters to be estimated, no covariates are introduced in this multinomial model to explain class membership. Instead, 
the ability of different variables to explain class membership is analysed in this paper by applying a variety of non-parametric tests to 
the latent class assignments based on the maximum-probability assignment rule. Therefore, 

πx =
eγx

∑K
x’=1eγx’ 

For a sample of n individuals (i = 1, ...,n), the log-likelihood function has the form: 

logL =
∑n

i=1
log

(
∑K

x=1
πx

∏T

t=1
f (yit|x)

)

.

This expression is maximised using the expectation–maximisation algorithm (Leisch, 2004; Skrondal and Rabe-Hesketh, 2004). 
Once the iterations verify certain convergence conditions, the Newton-Raphson algorithm comes into play to find the solution to the 
problem (Vermunt and Magidson, 2016). 

5. Results 

5.1. The individual effect of the barriers 

Certain individuals (76 drivers, representing 5.2% of the sample) were reluctant to consider ZEVs in their next purchase decision, 
although these cars were presented as a dominant alternative (similar to conventional automobiles but with environmental and energy 
benefits). The main reason given was a lack of confidence in this technology. These individuals were removed from the analysis 
because they were unwilling to consider ZEVs in their next purchase decision to replace their usual car. This percentage does not differ 
significantly from the percentage of 5.5% obtained from a similar question in a previous study for Spain (Brey et al., 2017). 

This section individually analyses the responses provided by the remaining sample to the various questions regarding the barriers. 
This information is useful in the very early stages of the transition in order to determine the minimum requirements that consumers 
demand to consider the purchase of ZEVs, as well as the percentages of acceptance for different levels of each barrier. 

Fig. 9a presents the stated maximum driving times to a service station that drivers in the sample are willing to accept to consider the 
purchase of a ZEV. As can be observed, 77.83% of the sample would be willing to travel up to 15 min by car to reach a service station 
that could supply them with alternative fuel. The percentage of the sample willing to accept a greater distance (up to 30 min), drops to 
a mere 29.18%. 

Fig. 9b shows what percentage of acceptance is presented by a given range for a ZEV. As can be observed, a range of 250 km is 
accepted by only 28.47% of the sample. To achieve an acceptance of at least 50%, the car must have a minimum range of 400 km, 
which satisfies 61.59% of the sample. A range of 600 km satisfies the needs of more than 90% of the sample (90.92%). 

Fig. 9c represents the predisposition of the interviewees to tolerate the need for extra refuelling time with a ZEV, compared to a 
conventional vehicle. One can see that 97.85% would accept that they need up to 5 min more to refuel a ZEV (over what is required for 
a conventional vehicle). However, this percentage falls rapidly when the time gap increases: only 23.39% of the sample would be 
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willing to wait between an extra 15 to 30 min, and this percentage drops to 8.01% for more than an extra 30 min. 
Fig. 9d shows that 21.64% of the sample is unwilling to pay premiums for ZEVs, and 46.2% would accept having to pay a surcharge 

of €3000 over the cost of a conventional vehicle to buy a ZEV; however, this willingness to buy ZEVs falls rapidly to only 12.28% for a 
premium of €6000, and to a mere 6.78% for a premium of €9000. Purchase price is revealed as a major obstacle to the penetration of 
clean cars into the market. 

5.2. Joint effect of the barriers 

The previous figures show the minimum levels of the barriers that consumers demand to consider the purchase of ZEVs. However, 

Table 3 
Summary of model fit.   

Goodness of Fit Classification Statistics  

Number of 
clusters 

LL BIC(LL) AIC(LL) CAIC(LL) Reduction of errors 
(Lambda) 

Entropy R- 
squared 

Standard R- 
squared 

Npar 

2  − 15993.6  32117.4  32023.22  32135.4  0.5984  0.5448  0.6004 18 
3  − 14353.6  28880.73  28755.17  28904.73  0.8764  0.8353  0.8526 24 
4  − 14308.1  28840.42  28678.22  28871.42  0.7525  0.734  0.712 31 
5  − 13339.5  26946.62  26753.04  26983.62  0.8496  0.8419  0.8161 37 
6  − 12910.9  26132.71  25907.73  26175.71  0.8765  0.8724  0.8417 43 
7  − 12855.9  26073.31  25811.7  26123.31  0.8876  0.8946  0.8633 50 
8  − 12111.3  24627.55  24334.55  24683.55  0.9492  0.9517  0.9383 56  

Fig. 9. Cumulative percentage of acceptance for the barriers.  

A. Rosales-Tristancho et al.                                                                                                                                                                                          



Transportation Research Part A 158 (2022) 19–43

33

these figures could hide groups of individuals with other requests. The elicitation of these groups is relevant because it would provide 
information on the penetration rates that could be reached with different levels of the barriers. This information, together with the 
monetary and technological difficulties in attaining those levels, would be very useful in planning the roll-out of the market transition 
to the use of ZEVs in Spain. 

For this multivariate analysis, redundancy between the chosen indicators was tested by means of Pearson’s and Spearman’s cor-
relation tests. Half of these correlations were not significant, and when they were significant, they reached only low values, which 
implies that these indicators capture different information and are therefore suitable for this analysis. 

5.2.1. Choosing the number of groups 
The number of underlying groups (or clusters) is identified by running the latent class cluster model with continuous and ordinal 

indicators for different values of K and comparing and interpreting their output in terms of different criteria. This paper considers 
goodness of fit, parsimony, entropy, meaningfulness and interpretability. These models were run in Latent Gold 4.5. 

Table 3 shows the values obtained for the various measures of fit and entropy from K = 2 to K = 8. Higher values of K were not 
considered, since K = 7 and K = 8 provided clusters with low meaningfulness (group sizes of approximately 1.74% and 1.95%, 
respectively). Regarding goodness of fit, higher values of the log-likelihood function indicates a better fit, whereas the lower the value 
of BIC, AIC, or CAIC, which consider parsimony, the better the model fit. Table 3 shows that the model fit improved when the number 
of groups increased, with it being possible to identify two “elbows” or ranges with comparatively smaller improvements: 3–4 groups 
and 6–7 groups (see Fig. 10). 

Higher values of the classification statistics indicate a higher precision of classification (Tein et al., 2013; Vermunt and Magidson, 
2005). The reduction of errors, entropy R-squared, and standard R-squared reached their lowest values for the cases with 2 and 4 
groups, remained higher than 0.8 for all the other cases, and increased with K for K > 4 (see Table 3). 

As a result, these criteria suggest a range of 5–6 groups. These two groupings were compared by using the Adjusted Rand Index 
(Everitt et al., 2011; Rand, 1971), which measures the level of agreement between two groupings of the same individuals with not 
necessarily the same number of groups. When comparing partitions with 5 and 6 groups, the value of this index is 0.83, which indicates 
good agreement (>0.8) between the two groupings (Steinley, 2004). The 6-class model separates out relatively minor gradations of 
preferences. Considering this agreement, and the simplicity and interpretability of the 5-class model as compared with that of the 6- 
class model, the 5-class solution is analysed here. 

At this point, correlations between indicators were also evaluated for each class (local independence assumption) (Fop et al., 2017; 
Lee et al., 2020; Vermunt and Magidson, 2002). Hardly any of these correlations were significant, and when they were significant, they 
presented only low values. 

5.2.2. Analysing the clusters 
The proportionality odds assumption for the ordinal indicators is tested by also running the 5-class models treating ordinal in-

dicators as nominal indicators, and comparing the two outputs. The p-value corresponding to the likelihood ratio test is 0.43, which 
supports the proportionality assumption. A similar conclusion is obtained when comparing both partitions by employing the Rand 
Index. The value of this index is 0.95, which is very close to 1, and indicates a very high agreement. 

Table 4 shows the mean values of the indicators for each cluster in the 5-class model, and Table 5 reports the significance tests of 
these values while taking Cluster 1 as a reference. Cluster 1 is the biggest group, representing approximately 32% of the sample. This is 
the most demanding group as regards fuel availability, range, and refuelling time, and its mean willingness to pay is the second 
smallest amount (around €2,300). Cluster 2 is the second-biggest group (about 23% of the sample). These individuals have re-
quirements similar to those in Cluster 1 in terms of infrastructure and refuelling time, but they demand a significantly lower range, and 
they are unwilling to pay a premium for ZEVs. Cluster 4 (15% of the sample) is very similar to Cluster 1, except this group is willing to 
accept a significantly lower range. Clusters 3 and 5 (approximately 16% and 14% of the sample, respectively) are entirely different to 
Cluster 1. They are less demanding in terms of refuelling infrastructure and refuelling time (especially Cluster 3 in refuelling time), and 
both have significantly higher willingness to pay a premium for ZEVs (around €8,600 and €5,000, respectively), but lower range 
requirements. There is a significant difference between Clusters 3 and 5 in terms of all the indicators except for refuelling 
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Fig. 10. Model fit graph.  
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infrastructure. 
These groups can be characterised in terms of different variables capturing socio-economic and mobility characteristics of drivers, 

drivers’ attitudes, and their knowledge (see Tables 6 and 7). Differences across these groups are tested by applying the Kruskal-Wallis 
test to continuous indicators and the chi-square test of homogeneity to ordinal indicators. When the null hypothesis of equality is 
rejected, pairwise tests with Bonferroni corrections are employed to explain the differences. Table 8 contains these results. 

Compared to the other groups, individuals in Cluster 1 are younger, with a lower level of income, and are at an intermediate level in 
terms of knowledge of ZEVs. However, the individuals in Cluster 2 are more likely to be individuals with a lower awareness of the 
implications of the use of fossil fuels in terms of energy dependence and environmental pollution and a lower knowledge of ZEVs. 
Individuals belonging to the cluster with the highest willingness to pay (Cluster 3) are more likely to be men characterised by a higher 
knowledge of ZEVs, who aim to replace a high-end car, and enjoy a higher level of income. Individuals in Cluster 4 are more likely to be 
women, using their car for trips shorter than 200 km and with a low knowledge of ZEVs. Finally, individuals in Cluster 5 also have a 
high knowledge of ZEVs but they seem to have higher awareness than individuals in Cluster 3 of the negative consequences of the use 
of fossil fuels in transportation in terms of environmental pollution and economic dependence (Cluster 5 has the highest mean ratings 
among all the groups for environmental pollution and economic dependence with 4.25 and 4.19, respectively). 

6. Discussion 

This paper clearly shows the existence in the population of groups with different perceptions regarding the main barriers 
hampering the introduction of ZEVs. These groups also differ in terms of certain socio-economic and mobility characteristics, attitudes, 
and knowledge of ZEVs. 

Fig. 11 plots the average requirements of each group with respect to each of the four barriers. Movements away from the origin 
imply less exacting demands. Therefore, Group 1 (the largest group containing 34.8% of the final sample) is more demanding than are 
Groups 3, 4, and 5. From this graph, the description given in the previous section can be clearly observed: there are substantial dif-
ferences between the groups in terms of their perceptions of the barriers. This is significant because reductions in these gaps will affect 
each group differently and lead to different ZEV market penetrations. This information can be very useful in planning optimal medium- 
and long-term ZEV-promoting policies. 

These differences can also be associated with certain characteristics of the groups’ members. Groups 3 and 5 have higher 
knowledge of ZEVs and they are the most tolerant regarding all the attributes, except for range as compared with Group 4, although 
this more flexible behaviour in this last group may be due to their different driving needs, as they are more likely to use their vehicle for 
trips shorter than 200 km. There appear to be different motivations for this flexibility: Group 3 is more prone to demand high-end ZEVs 
and pay more for them (this group has the highest percentage of people aiming to replace high-end cars, with 26.7%, followed by 
Group 5 with 17.6%), and therefore these individuals could be looking for new, cutting-edge technology, whereas Group 5 is more 
aware of the environmental benefits (this group has the highest mean ratings for environmental pollution and economic dependence), 
which in turn could lead it to be more flexible regarding the barriers. 

The results also enable us to approximate the size of the gap for each group with respect to each barrier by comparing these re-
quirements with the current status of the barriers. For this purpose, the Tesla Model 3 and the Nissan Leaf are taken as the BEV models, 
since they were the most frequently sold BEV models in Spain in 2019 (European Alternative Fuels Observatory, 2021) and they 
represent different segments, while for the case of the FCEVs, the Hyundai Nexo is chosen, since it was the only fuel cell car model sold 
in Spain in 2018 and has a clear conventional counterpart. Fig. 12 replicates Fig. 11 and adds approximations of the current levels of 
the barriers for the aforementioned models. It should be borne in mind that, in Fig. 12, the axes are not to scale so that the values of the 

Table 4 
Probabilities or means associated with each indicator.   

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

Cluster size 0.3181 0.2305 0.1605 0.1514 0.1394 
N 481 319 187 203 193 
Infrastructure (4-point scale)      
Less than 5 min. 0.254 0.2316 0.1686 0.243 0.1718 
Between 5 and 15 min. 0.4963 0.4928 0.4666 0.4949 0.4686 
Between 15 and 30 min. 0.1914 0.2069 0.2547 0.1989 0.2522 
More than 30 min. 0.0584 0.0687 0.1101 0.0632 0.1074 
Mean 2.0542 2.1128 2.3062 2.0823 2.2954 
Range (km)      
Mean 460.2885 396.028 412.3603 215.7619 380.2969 
Refuelling Time (5-point scale)      
None 0.0258 0.0241 0.0109 0.0255 0.0166 
Less than 5 min. 0.3179 0.3079 0.2041 0.3166 0.256 
Between 5 and 15 min. 0.4555 0.457 0.4427 0.4558 0.4571 
Between 15 and 30 min. 0.1388 0.1442 0.2041 0.1394 0.1735 
More than 30 min. 0.062 0.0668 0.1381 0.0626 0.0967 
Mean 2.8935 2.9216 3.2544 2.8969 3.0777 
WTP (thousand euros)      
Mean 2.2855 0 8.6189 2.3723 5  
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Table 5 
Models for indicators.   

Cluster1 Cluster2 s.e. Cluster3 s.e. Cluster4 s.e. Cluster5 s.e. Wald p-value 

Infrastructure [Base]  0.0852  0.0957  0.3478***  0.1135  0.0412  0.1411  0.3336***  0.1076 17.3532  0.0017 
Range [Base]  − 64.2604****  18.9743  − 47.9282**  20.8253  − 244.5266****  14.0133  − 79.9915****  20.284 461.8637  1.20e-98 
Refuelling time [Base]  0.035  0.0889  0.4144****  0.1052  0.0043  0.1306  0.2201**  0.1001 22.4491  0.00016 
WTP [Base]  − 2.2855****  0.0539  6.3334****  0.4191  0.0868  0.1127  2.7145****  0.0539 236,842,530  1.2e-51 

Significance levels: * 10%; ** 5%; *** 1%; **** 0.1% or less. 
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different models can also be included. However, the interpretability of this figure remains unaffected: values for the models further 
from the origin than group values imply that group requirements are not met. 

For these models, purchase prices, refuelling times on the road, and ranges were obtained from the official webpages of the car 
companies (Hyundai Motor Company, 2021; Nissan Motor Company, 2021; Tesla Incorporated, 2021). For Nissan Leaf, we assumed a 
purchase price of €35,620 and one-hour fast charging with a 32 kW charger, which implies 80% of capacity, although this is not the 
best charging option to extend the life of the battery. This implies a range of 216 km (80% of 270 km). For Tesla Model 3, we considered 
a purchase price of €54,420 and a refuelling time of 29 min, which is the time needed to refuel 80% of capacity with a 150 kW charger, 
obtaining a range of 464 km (80% of 580 km). Full charge of these vehicles was not considered due to the long time needed to refuel the 
final 20% of capacity. For the Hyundai Nexo, we used a price of €72,250 and a refuelling time of 5 min to attain 100% of the range (666 
km). In order to compare these figures with the values reported in the survey, these purchase prices and refuelling times were 
expressed with respect to the values of their conventional counterparts: Nissan Micra (€19,528), Audi A4 (€41,020), and Hyundai 
Santa Fe (€50,324), respectively. For all these models, a refuelling time of 3 min was assumed (Audi, 2021; Hyundai Motor Company, 
2021; Nissan Motor Company, 2021). 

For BEVs, rough estimates of the maximum driving time to the closest charging station were obtained by considering surface and 

Table 6 
Variables used in the profiling of the Latent Class Cluster Model.  

Variable Explanation Levels 

Socio-economic   
Age Respondent’s age. Continuous. 
Gender Respondent’s gender. 1 (female), 0 (male). 
Higher education The respondent’s highest level of education is tertiary. 1 (yes), 0 (no). 
Income over €4,000/ 

month 
The monthly overall net income in the respondent’s home exceeds €4,000. 1 (yes), 0 (no). 

Remunerated employment The respondent currently has remunerated employment. 1 (yes), 0 (no). 
Mobility   
Annual use higher than 

200 km 
The car is sometimes used during the year to do trips of more than 200 km. 1 (yes), 0 (no). 

Daily use higher than 1 h The average daily use of the car is over one hour. 1 (yes), 0 (no). 
Daily use higher than 2 h The average daily use of the car is over two hours. 1 (yes), 0 (no). 
High-end car The car that the respondent usually uses is a high-end car. 1 (yes), 0 (no). 
Private parking The respondent has private parking at home. 1 (yes), 0 (no). 
Two or more cars at home The respondent has two or more cars at home. 1 (yes), 0 (no). 
Attitudes   
Importance of engine 

noise 
Importance the respondent gives to the noise caused by the engine of their current car. Scale: 1 (not important) – 5 (very 

important). 
Importance of pollution Importance the respondent gives to the pollution generated by the use of their current car. Scale: 1 (not important) – 5 (very 

important). 
Importance of imports Importance the respondent gives to dependence on other countries for oil imports to 

produce the fuel of their current car. 
Scale: 1 (not important) – 5 (very 
important). 

Knowledge   
Knowledge of ZEV The respondent has heard about ZEVs and is able to specify a correct ZEV model. 1 (yes), 0 (no).  

Table 7 
Proportions and means of variables used in the profiling of the Latent Class Cluster Model.  

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

Socio-economic      
Age (years) 46.24 48.45 47.7  47.51  48.31 
Gender (female) 42.4% 40.4% 27.8%  57.1%  38.3% 
Higher education 39.3% 37% 45.5%  39.4%  46.1% 
Income over €4,000/month 11.1% 14.3% 24.3%  18.1%  20.8% 
Remunerated employment 73.6% 71.2% 73.8%  71.9%  76.7% 
Mobility      
Annual use higher than 200 km 86.1% 82.1% 84%  71.9%  83.9% 
Daily use higher than 1 h 31.2% 37.3% 33.2%  35.5%  29.5% 
Daily use higher than 2 h 13.1% 16% 15%  10.8%  11.4% 
High-end car 15.5% 17.4% 26.7%  11.3%  17.6% 
Private parking 64% 64.9% 65.2%  70.4%  66.8% 
Two or more cars at home 36.6% 41.4% 38%  37.4%  38.9% 
Attitudes      
Importance of engine noise (1–5) 3.75 3.55 3.63  3.7  3.66 
Importance of pollution (1–5) 4.17 3.86 4.11  4.09  4.25 
Importance of imports (1–5) 4.11 3.89 4.04  4.08  4.19 
Knowledge      
Knowledge of ZEVs 44.1% 32.9% 61%  32.5%  49.7%  
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Table 8 
Profiling of the Latent Class Cluster Model.  

Multiple Proportions Test/Kruskal-Wallis Test Pairwise comparisons between classesa (p-valuesb with Bonferroni correction)    

Cluster 1 vs. Cluster 2 vs. Cluster 3 vs. Cluster 4 vs. 
Variables Chi-squared p-valueb    

Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 3 Cluster 4 Cluster 5 Cluster 4 Cluster 5 Cluster 5 
Socio-economic   

Age 8.602 * ¡ (*)          
Gender (female) 35.985 ****  þ (***) ¡ (***)  þ (*) ¡ (***)  ¡ (****)  þ (***) 
Higher education 6.445            
Income over €4,000/month 21.316 ****  ¡ (****)  ¡ (**) ¡ (*)      
Remunerated employment 2.113            
Mobility             
Annual use higher than 200 km 20.566 ****   þ (****)   þ (*)  þ (*)  ¡ (*) 
Daily use higher than 1 h 4.937            
Daily use higher than 2 h 4.076            
High-end car 17.932 ***  ¡ (**)      þ (***)   
Private parking 2.842            
Two or more cars at home 1.972            
Attitudes             
Importance of engine noise 4.139            
Importance of pollution 17.429 *** þ (***)    ¡ (*) ¡ (*) ¡ (***)    
Importance of imports 7.932 *       ¡ (**)    
Knowledge             
Knowledge of ZEVs 50.795 **** þ (**) ¡ (***) þ (*)  ¡ (****)  ¡ (***) þ (****)  ¡ (***)  

a A plus (minus) sign denotes that the value of the class in the second row is significantly higher (lower) than the value of the class in the third row. 
b Significance levels: * 10%; ** 5%; *** 1%; **** 0.1% or less. 

A
. Rosales-Tristancho et al.                                                                                                                                                                                          



Transportation Research Part A 158 (2022) 19–43

38

number of charging stations with the required charging capacity in regions of Madrid, Barcelona, Valencia, Seville, and Zaragoza 
(Electromaps, 2021; National Statistics Institute, 1996), and by assuming that these points are equidistantly located throughout the 
regions and that the area of influence of each station is a square. The area of the squares for each region is obtained by dividing the area 
of the region by the number of charging stations in that region. Under this framework, Manhattan distance was used to compute the 
distance from each corner of the square to its centre, where the station is assumed to be located, and this distance converted to 
travelling time by using a 20 km/h average speed in city traffic in Spain (Directorate General for Traffic (DGT) and Spanish Federation 
of Municipalities and Provinces, 2021). The average of these travelling times for each alternative model is plotted in Fig. 12. In the case 
of the FCEVs, this procedure was applied to the 5 Spanish regions that featured hydrogen stations, which incidentally contained only 
one station each. 

As previously expected, from Fig. 12, it can be concluded that none of the models verify all the requirements of each consumer 
group. The Tesla Model 3 satisfies only the requirement of range for all the groups, whereas Hyundai Nexo only satisfies refuelling time 
and range. However, it is worth mentioning that the hydrogen model is able to meet the technological barriers. The other two barriers 
that Hyundai Nexo fail to meet belong to the economic field and could be overcome through infrastructure investments, subsidies, and 
incentives. This fact suggests that the transition to these vehicles could indeed be sooner than expected. 

To explore this idea, Fig. 13 plots the five groups in terms of these two attributes: extra WTP and fuel availability. In this figure, the 
points represent observed values, their sizes indicate the absolute frequency of each particular observation, and their colour represents 
their group membership. The coloured areas show the dispersion of the members of each group and the black dashed vertical line 
indicates the extra purchase price of a Hyundai Nexo. This figure provides an insight into the effects, in terms of market penetration, of 
different subsidies and hydrogen refuelling infrastructure investments. For example, incentives for the purchase of ZEVs of approxi-
mately €10,000 (which would be graphically equivalent to a shift of the black line to the left by that amount) combined with 

Fig. 11. Average requirements of each barrier by groups.  
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development in the hydrogen infrastructure leading to hydrogen stations being 15 min apart from anywhere in the city could jointly 
lead to penetration rates of 0.94%, due mainly to a shift in the drivers of Group 3. The same percentage could be reached with an 
incentive of €5,000 but higher fuel availability (stations no more than 5 min apart). A higher incentive (of around €12,000) with fuel 
availability no more than 15 min apart could increase the penetration rate to around 2.75%. This information could help decision- 
makers to study the suitability of these policies in advance, and to formulate public–private partnerships. 

7. Conclusion 

This paper studies Spanish drivers’ perceptions regarding the main barriers that hamper the introduction of ZEVs in the Spanish car 
market. A thorough review of the existing literature based on consumers’ surveys has allowed us to identify the most important ob-
stacles stated by consumers to consider the purchase of a ZEV. These barriers could affect both the consideration of ZEVs in consumers’ 
car-purchase decisions and their final choice. Given the low penetration of these vehicles into the Spanish car market, this paper 
focuses on the consideration stage. 

The requirements of the Spanish drivers for each barrier to consider ZEVs in their next car-purchase decision were elicited by means 
of a stated-preference survey of Spanish drivers that directly asked them to provide point values or to select the interval containing 
such a value. This information is crucial for policy-makers and car manufacturers to ascertain how to entice consumers into considering 
ZEVs in their car-purchase decisions. Given the very high number of car alternatives in the car market, the inclusion of ZEVs in the 
consideration set considerably increases the probability of their sale (Hauser et al., 2009). This formulation also implies that consumers 
will never experience improved ZEVs (changes in certain attributes) if they never consider such vehicles because these cars fail to meet 
their requirements for the barriers (Hauser, 2014). 

The survey was very carefully designed to avoid potential biases. The responses were analysed with a model-based cluster approach 
to group drivers according to their perception of the barriers. This approach clearly shows the gaps with respect to each barrier for each 

Fig. 12. Average requirements of each barrier by groups and current levels.  
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group. This information is highly useful in designing optimal ZEV-promoting policies because each policy will not have the same 
impact in each group. To the best of our knowledge, this is the first paper using this approach in this particular context. These groups 
were characterised in terms of socio-economic and mobility characteristics, their attitudes, and their knowledge of ZEVs. 

Most of the sample belongs to the most demanding group in terms of the levels of the barriers. Knowledge of ZEVs is a common 
feature of the least demanding groups, although they do appear to have different motivations: one group aims to replace high-end 
models and presents a high WTP, which suggests these individuals could be looking for new, cutting-edge technology; however, 
another group is more aware of the environmental benefits of the use of ZEVs, which could be its main motivation. 

The results also show that the switch to FCEVs is more attainable than previously expected. The main barriers that hamper the 
introduction of these vehicles into the market are largely economic, affordable with the help of governments if they deem it appro-
priate. However, in the case of BEVs, there are also certain technological barriers. Therefore, for FCEVs, the focus needs to be on fuel 
availability and purchase price. According to our results, purchase incentives of approximately €12,000, together with refuelling 
infrastructure investment policies leading to hydrogen stations no more than 15 min apart from anywhere in the city, could lead to 
penetration rates of approximately 2.75%. 

This information could prove highly useful in planning optimal medium- and long-term ZEV-promoting policies. Educational and 

Fig. 13. Group distributions in terms of fuel availability and extra WTP.  
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environmental awareness policies, together with purchase incentives and infrastructure investment policies can be decisive in 
attaining a significant transition to ZEVs in Spain in both the medium and long term 
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