
Bahamonde-Birke, Francisco J.

Working Paper

Does transport behavior influence preferences for
electromobility? An analysis based on person- and
alternative-specific error components

DIW Discussion Papers, No. 1529

Provided in Cooperation with:
German Institute for Economic Research (DIW Berlin)

Suggested Citation: Bahamonde-Birke, Francisco J. (2015) : Does transport behavior influence
preferences for electromobility? An analysis based on person- and alternative-specific error
components, DIW Discussion Papers, No. 1529, Deutsches Institut für Wirtschaftsforschung (DIW),
Berlin

This Version is available at:
https://hdl.handle.net/10419/125148

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://hdl.handle.net/10419/125148
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


Discussion 
Papers

Does Transport Behavior Infl uence 
Preferences for Electromobility? 
An Analysis Based on Person- and 
Alternative-Specifi c Error Components
Francisco J. Bahamonde-Birke

152

Deutsches Institut für Wirtschaftsforschung  2015



 
 
 
Opinions expressed in this paper are those of the author(s) and do not necessarily reflect views of the institute. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
IMPRESSUM 
 
© DIW Berlin, 2015 
 
DIW Berlin 
German Institute for Economic Research 
Mohrenstr. 58 
10117 Berlin 
 
Tel. +49 (30) 897 89-0 
Fax +49 (30) 897 89-200 
http://www.diw.de 
 
ISSN electronic edition 1619-4535 
 
Papers can be downloaded free of charge from the DIW Berlin website: 
http://www.diw.de/discussionpapers 
 
Discussion Papers of DIW Berlin are indexed in RePEc and SSRN: 
http://ideas.repec.org/s/diw/diwwpp.html 
http://www.ssrn.com/link/DIW-Berlin-German-Inst-Econ-Res.html 
 

http://www.diw.de/
http://www.diw.de/discussionpapers
http://www.ssrn.com/link/DIW-Berlin-German-Inst-Econ-Res.html


 
 

 

Does Transport Behavior Influence Preferences for 
Electromobility?  

An Analysis Based on Person- and Alternative-Specific Error 
Components 

 
 

Francisco J. Bahamonde-Birke* 
Energy, Transportation and Environment Department 
Deutsches Institut für Wirtschaftsforschung – Berlin 

and 
Technische Universität Berlin 

e-mail: bahamondebirke@gmail.com 
 
 

ABSTRACT 

The interconnection among different choices by the same decision-maker is fairly well 
established in the literature. Along this line, this paper aims to identify how preferences 
for electromobility are affected by mode choices for regular trips. With this purpose in 
mind, a framework based on person- and alternative-specific error components 
(covariances) is proposed. The method aims to include individual-specific error 
components associated with the alternatives of a given experiment into another, and to 
analyze how the preference for a certain alternative in a given choice situation affects the 
individual’s preferences in another choice situation. 

The data for the analysis originates from two discrete choice experiment conducted in 
Austria during February 2013 (representative sample). Here, individuals were asked to 
state their preferences in the contexts of transport mode choice and vehicle purchase 
situations. The results indicate the existence of a strong correlation between the 
individuals’ preferences in both experiments. This way, individuals favoring private 
transport also favor conventional vehicles over electric alternatives, while individuals 
preferring public or non-motorized modes ascribe a higher utility to electric vehicles, 
especially to pure battery electric vehicles. 

Keywords:  Electric Vehicles, Travel Behavior, Modal Choice, Correlation, Panel Structure, 
Error Components. 

JEL: R40, C35, C50 
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1. INTRODUCTION 

It is a well-established fact that travel preferences and behavior of the individuals are 

related to other travel-related decisions, such as car ownership or residential location 

(Golob, 1990; Dieleman et al., 2002, among many others). This correlation may rely on 

different characteristics of both decisions themselves and of individuals, including 

potential self-selection biases (Cao et al., 2009; v. Acker and Witlox, 2010), which 

significantly increases the complexity of the analysis. 

In a similar fashion, it may be expected that preferences toward the purchase of electrical 

cars could also exhibit a correlation with the travel behavior. Several assumptions, based 

on empirical evidence, support this hypothesis. This way, for instance, it may be expected 

that green-minded individuals would favor both public transportation (Vredin-Johansson et 

al., 2006) and electrical vehicles (Daziano and Bolduc, 2013; Jensen et al., 2013), while, at 

the same time, it may be argued that individuals already driving on a daily basis may be 

more willing to pay for electric vehicles due to their higher efficiency and lower 

operational costs (Offer et al., 2010).  

The potential demand for alternative powered mobility is well studied (Ehsani et al., 2009; 

Offer et al., 2010; Eppstein et al., 2011; Lebeau et al., 2012; Hackbarth and Madlener, 

2013, among many others). Thus, it is established that it is not only the objective 

characteristics of the alternatives but also underlying attitudes and perceptions that affect 

the acceptance of electromobility (Glerum et al, 2013; Jensen et al., 2014; Kim et al., 

2014; Bahamonde-Birke and Hannapi, 2015). However, the relation between travel 

preferences of individuals and their willingness-to-pay for new propulsion technologies is 

not extensively analyzed.  Even when travel preferences are taken into account while 
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analyzing electromobility preferences, these preferences are normally treated as exogenous 

information (He et al., 2012). 

To conduct this kind of analysis, it is convenient to simultaneously consider travel 

behavior information and preferences toward electromobility. For this, this work relies on 

the discrete choice (DC) modeling approach (McFadden, 1974) and considers a 

simultaneous estimation of DC models on vehicle purchase and on modal choices. An 

intuitive approach to link both experiments is considering the underlying attitudes affecting 

both decisions making use of a hybrid discrete choice (HDC) framework (McFadden, 

1986; Train et al., 1987, Ben-Akiva et al., 2002), which allows controlling for attitudinal 

characteristics of the population. However, as it is not possible to identify all attitudes 

affecting the decisions, the correlation between them may be underestimated. To avoid this 

problem, the modeling takes advantage of the pseudo-panel structure of the sample (with 

individuals facing more than one choice situation for each experiment). This way, the 

correlation among answers provided by the same individual in a given experiment may be 

incorporated into the other, offering a clear representation of the extent to which one 

decision is affected by the other. 

This paper presents a method to correlate two independent DC experiments, based on 

stated-preferences (SP), making use of random panel effects (Bhat and Gossen, 2004). 

Additionally, it identifies the existence of correlation between modal choice and vehicle 

purchase decisions among the Austrian population; thus the simultaneous consideration of 

both models increase their explainability and offers clear insights on the way in which both 

decisions are interconnected.  
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The rest of the paper is organized as follows. Section 2 presents an overview of the 

theoretical approach and extends it in order to consider the correlation among different SP-

experiments, while Section 3 offers a description of the dataset utilized to test the 

hypothesis. The results are discussed in section 4 and finally, section 5 summarizes the 

paper’s conclusions. 

2.   METHODOLOGICAL APPROACH 

Under the assumption that individuals are rational decision makers, it can be postulated 

that individuals facing a set of available alternatives A, will choose the alternative i that 

maximizes their perceived utility. In accordance with Random Utility Theory (Thurstone, 

1927; McFadden, 1974), it is possible to depict this utility (Ui) as the sum of a 

representative component and an error term (ε), which, under the assumption of additive 

linearity, leads to the following expression (Ortúzar and Willumsen, 2011): 

  iU Xβ ε= ⋅ +          [2.1], 

where X is a matrix standing for observed attributes of the alternatives and characteristics 

of the individuals and β is a vector of parameters to be estimated. If it is assumed for the 

error terms to be independent EV1 distributed with same mean (for all alternatives) and 

diagonal homoscedastic covariance matrix (Σε), the choice probabilities will be given by a 

Multinomial Logit model (Domencich and McFadden, 1975; MNL). Nevertheless, the 

assumption of independence does not hold, when the observations arise from panel or 

pseudo-panel data, as in this case the observations associated with the same individual 

would be correlated.  
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To approach this problem, it is useful to rely on Mixed Logit models (Cardell and Dunbar, 

1980; Ben-Akiva and Bolduc, 1996; ML). Here, it is assumed that the stochastic 

component of the model would be given but by the sum of the previously described 

independently identically EV1 distributed error term (ε) and other stochastic element that 

can follow any distribution. In this case, the utility function would take the following 

shape:   

iU Xβ η ε= ⋅ + +         [2.2] 

Here, η is an error component following a given distribution and whose covariance matrix 

(Ση) is not subject to homoscedasticity and no-autocorrelation restrictions (as long as the 

model is identified). This way, for instance, it can be accounted for correlation between 

individuals and alternatives. Under these assumptions, the likelihood function may be 

depicted as follows: 

( | , ; , , ) ( | )L P y X f dε η η
η

η β η η= Σ Σ ⋅ Σ ⋅∫      [2.3], 

where the first component stands for the usual MNL probabilities (y is a vector taking a 

value of 1 if the alternative is selected and 0 otherwise), while the second term represents 

the distribution of the error term η. As normally this representation will not lead to closed-

form expressions for the probabilities, the likelihood function must be integrated over the 

domain of the stochastic component η, making use of simulated likelihood techniques 

(McFadden, 1986). 

To deal with panel or pseudo panel data it can be assumed that the error component η be 

common to all answers provided by the same individual (Bhat and Gossen, 2004; Walker 
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et al., 2007). Thus, the total error would be given by the sum of the i.i.d. EV1 error term 

and a mixing distribution allowing for capturing the correlation among the choices of the 

same individual (this approach work well for labelled experiments, but it does not appear 

to be suitable to address unlabeled data; Daly and Hess, 2010). In this case, the integration 

must be conducted at individuals’ level rather than choices. 

Dealing with several SP-Experiments 

When addressing two or more independent labelled SP-experiments, whose answers are 

provided by the same respondents, the situation is not different, as the choices of the same 

individuals are also correlated.  

If the experiments are treated independently, it would suffice to account for the correlation 

of the answers provided by the same individuals within the experiments (if it is assumed 

that both experiments consist of more than one choice situations). Thus, the utility 

functions would take the following shape (when assuming two labelled SP-experiments, 

each consisting of three alternatives, which is the minimum to assure that the variability of 

all person- and alternative- specific error components be identified; Walker et al., 2007 - 

Extending this framework for more SP-Experiments and alternatives is straightforward):        

11 11 11 11

12 12 12 12

13 13 13 13

U X
U X
U X

β η ε
β η ε
β η ε

= ⋅ + +
= ⋅ + +
= ⋅ + +

  
21 21 21 21

22 22 22 22

23 23 23 23

U X
U X
U X

β η ε
β η ε
β η ε

= ⋅ + +
= ⋅ + +
= ⋅ + +

  [2.4] 

This framework would lead to the following likelihood function (which could easily be 

split into two independent models): 
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1 1 2 2 21

1 2

1 1 1 2 2 2 1 2 1 2( | , ; , , ) ( | , ; , , ) ( | ) ( | )L P y X P y X f f d dε η ε η η η
η η

η β η β η η η η= Σ Σ ⋅ Σ Σ ⋅ Σ ⋅ Σ ⋅ ⋅∫ ∫
           [2.5] 

In this case, no bias is being induced into the modeling as the observations of the first 

experiment do not affect the outcome of the other and vice versa. This framework, 

however, does not allow for considering parameters common to both experiments or for 

analyzing the existence of a possible correlation among the answers provided in the first 

and in the second experiments. Nor would it be completely adequate to consider latent 

variables accounting for factors underlying to both experiments (unless it can be 

established or assumed that the latent variable is the only source of individual correlation 

among both experiments).   

This issue is of particular importance, as in many cases it may be interesting to analyze the 

correlation among different decisions, as it would offer a more accurate representation of 

the population. This correlation may have important implications in terms of policy-

making or predictability. Additionally, accounting for correlation may substantially 

increase the explainability of the joint model.  

An alternative to account for this correlation is to assume that the utility functions of given 

experiment are affected by the correlation among the answers provided by the same 

individual in another experiment. This way, the first set of utility functions depicted in 

equation [2.4] would be given by:  

11 11 11 11 11 21 12 22 13 23

12 12 12 12 21 21 22 22 23 23

13 13 13 13 31 21 32 22 33 23

U X
U X
U X

β η ε α η α η α η
β η ε α η α η α η
β η ε α η α η α η

= ⋅ + + + ⋅ + ⋅ + ⋅
= ⋅ + + + ⋅ + ⋅ + ⋅
= ⋅ + + + ⋅ + ⋅ + ⋅

   [2.6] 
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Here, η21, η22 and η23 represent the person- and alternative-specific error components 

(PASEC) accounting for correlation among the answers of the same individual, for a given 

alternative in the second experiment, while αjk are parameters to be calibrated. As the 

PASECs are constant for all answers associated with the same individual, the model 

depicted in [2.6] would be unidentified and therefore it is necessary to constrain (without 

loss of generality) the α parameters of a given alternative; thus the interpretation of the 

parameters would be similar to the interpretation of alternative specific constants (Ortúzar 

and Willumsen, 2011) or parameters associated with socio-economic or attitudinal latent 

variables (Bahamonde-Birke et al., 2014). It is straightforward to extend this framework 

for the remaining set of utility functions. 

Then, the likelihood function for the joint model would be depicted in the following 

manner: 

1 1 2 2 1 2

1 2

21

1 1 2 1 1 2 1 2 2 2

1 2 1 2

( | , , ; , , , , ) ( | , , ; , , , , )

( | ) ( | )

L P y X P y X

f f d d

ε η η ε η η
η η

η η

η η β α η η β α

η η η η

= Σ Σ Σ ⋅ Σ Σ Σ ⋅

Σ ⋅ Σ ⋅ ⋅

∫ ∫  [2.7] 

This framework may be extended in order to incorporate latent variables or classes (that 

may be reason for the existence of correlation). Nevertheless, this approach is clearly more 

extensive than considering latent variables or classes as the only source of correlation 

among the answers provided by the same individual, as it allows capturing not only the 

correlation associated with identified underlying attitudes affecting both choices, but also 

the correlation related to unidentified characteristics of the individuals. 
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3.   DESCRIPTION OF THE DATASET 

The data for the analysis originates from a discrete choice experiment (DCE) conducted in 

Austria during February 2013 (representative sample), in which the individuals were asked 

to state their preferences in the context of vehicle purchase situations (Bahamonde-Birke 

and Hannapi, 2015). The sample of 1,449 respondents was drawn from an online panel and 

divided into two subgroups on the basis of screening questions and randomized selection. 

The first subgroup was assigned to a discrete choice experiment (DCE) on vehicle 

purchase. Participation in this experiment was restricted to individuals with a driver’s 

license and an explicit intention to buy a new vehicle in the near future. In total 787 

respondents were selected into this subgroup, with each respondent asked to answer 9 

independent choice scenarios. No restrictions were applied for the second subgroup 

assigned to the DCE on transport mode choice. Of the 938 respondents in this subgroup, 73 

individuals providing incomplete information were excluded. Both subgroups received 9 

independent choice scenarios. In total, 276 individuals took part on both experiments. The 

survey duration for the individuals responding DCEs was of approx. 30 minutes (as 

compared to 20 minutes for the remaining 1,173 individuals).  Finally, the individuals were 

presented with a questionnaire covering socio-economic background, mobility behavior 

and attitudes. 

For this analysis, only the 276 individuals responding to both questionnaires are taken into 

account. Although the overall sample reflects the Austrian population in terms of 

employment status, lower-educated individuals and individuals from low-income 

households are somewhat under-represented. Due to the focus on vehicle purchase, 

individuals from households without car are also under-represented while those from 

households with more than one car are slightly over-represented. However, the overall 
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sample is representative not only with regard to age and gender structure, but also 

regarding to Austria’s nine federal states and the degree of urbanization (rural, sub-urban 

and urban). 

The DCE on modal choice (DCE-MC) considered four labelled choice alternatives: private 

transportation (PV), public transportation - bus (PT-B), public transportation - train 

(including urban trains, PT-T) and non-motorized transportation (NMT). The PT 

alternative was described in terms of the free flow time (FFT), congestion time (CT), 

parking (PRK), toll (TL) and fuel expenses (FE), while both public transportation 

alternatives were depicted in terms of the travel time (TT), fare (TCK), interval (INT) and 

number of transfers (NT). The NMT alternative was characterized by its travel time and 

was subsequently subdivided in walking (WLK), cycling (BCL) and electric bicycles 

(EBC), so that each choice situation would present only one NMT alternative (although 

electric bicycles are technically motorized vehicles, they were considered as part of the 

NMT alternative, as they are considered to be closely related to other NMT sub-

alternatives); hence, the sub-divisions of the NMT alternative cannot be considered to be 

labelled alternatives, but rather attributes of the labelled alternative NMT. Additionally, 

information regarding the last trip (with the same purpose and destination) was gathered, 

so that it is possible to construct an inertia variable (IN); this information, however, is only 

disaggregated at the level of private, public or non-motorized transportation, thus both 

public transport alternatives (PT-B and PT-T) are associated with the same inertia variable.  

The DCE on vehicle purchase (DCE-VP) was based on a labelled experimental design 

including four choice alternatives referring to one propulsion technology each: 

conventional vehicles (CV), plug-in hybrid-electric vehicles (PHEV), hybrid-electric 

vehicles (HEV) and battery electric vehicles (BEV). Each alternative is described in terms 
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of the purchase price (PP), power (PS), fuel costs (FC), and maintenance costs (MC). In 

addition to these attributes, the BEV is further characterised by the full driving range (RA), 

availability of charging stations (LS), and policy incentives (IM). Charging station 

availability varied across three categories (low, intermediate and high) and was described 

qualitatively within a separate pop-up box. Policy incentives included a Park and Ride 

subscription for one year (IM2), investment subsidies to support private charging stations 

(IM3), or a one-year-ticket for public transportation (IM4). 

To strengthen the link between the hypothetical choice scenarios and the real purchase 

decision, additional information on observed driving behavior and purchase preferences 

was used to individualize the choice sets. 

4.   ESTIMATION AND RESULTS 

As equations [2.5] and [2.7] do not exhibit closed-form expressions, the estimation is 

performed via simulation making use of PythonBiogeme (Bierlaire, 2003). To compute the 

simulated likelihood, 1,000 MLHS (Modified Latin Hypercube Sampling; Hess et al., 

2006) draws are utilized. Table 1 presents an overview of the variables that were found to 

be significant for the matters of the study. 

First, independent models for both experiments were calibrated taking the correlation 

within individuals into account (equation [2.5]). Subsequently, correlation terms among 

both experiments were introduced. For the purposes of this study, it was assumed that only 

the correlation among the answers in the modal choice experiment would affect the vehicle 

purchase experiment, and not vice versa. The hypothesis behind this reasoning is that 

individuals are familiar with modal choice decisions, and therefore a particular set of 

attitudes, perceptions and values (for which it is not being controlled) has been developed 
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over time. Hence, this particular mindset may affect other (slightly related) decisions. In 

the case of the DCE on vehicle purchase considering electric vehicles (whose participation 

in the market is still very low; Jenn et al., 2013), the modeler is dealing primarily with a 

hypothetical decision; thus attitudes, perceptions and values affecting this decision arise 

from other experiences and no particular mindsets related to this specific choice situation 

have been developed yet. 

Table 1 – Definition of the variables considered in the model. 

Variable Definition 
Male Dummy variable indicating masculine gender. 

Old Dummy variable indicating individuals older than 60 years 

MidAge Dummy variable indicating individuals older than 35 years, but no older than 60 year. 

IN Inertia variable in DCE-MC. 

FFT, CT Free flow time and congestion time for PV in DCE-MC in min., respectively. 

PRK, TL, FE Parking, toll and fuel expenses for PV in DCE-MC in €., respectively. 

TT, INT Travel and interval time for PT-B, PT-T or NMT in DCE-MC in min., respectively. 

TCK Fare for individual ticket for PT-B or PT-C in DCE-MC in €. 

NT Number of transfers for PT-B or PT-T in DCE-MC. 

WLK, BCL, EBC Subdivision of the NMT alternative in DCE-MC: walking, cycling and electric bicycle, respectively. 

PP Purchase Price in DCE-VP in €·104. 

FC, MC Fuel and maintenance cost in DCE-VP in € / 100 km., respectively. 

PS Power of the engine in DCE-VP in hp. 

RA Driving range in DCE-VP in km. 

IM2, IM3, IM4 Dummy variables indicating the execution of the respective policy incentive in DCE-VP. 

Sigma Variability of the person- and alternative-specific covariances (ηxy for Uxy in eq. [2.6]).  

α-PV Impact of person-specific covariance of alternative PV in DCE-VP (αxy in eq. [2.6]). 

α-PT-B Impact of person-specific covariance of alternative PT-B in DCE-VP. 

α-PT-T Impact of person-specific covariance of alternative PT-T in DCE-VP. 

α-NMT Impact of person-specific covariance of alternative NMT in DCE-VP. 

The results for the estimated models are presented in Table 2 (DCE-MC) and Table 3 

(DCE-VP). Even though the models were estimated jointly, the results for both 

experiments are presented separated for layout purposes. The model on the right 

(Independent Model) corresponds to the model estimated according equation [2.5], while 

the model on the left (Correlated Experiments) was estimated in accordance with equation 
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[2.7]. The results of the t-test for statistical significance are presented in parenthesis. The 

final value for the overall log-likelihood is also reported. 

Table 2 – Parameter estimates for the DCE-MC 
Variable Equation Independent 

Model 
Correlated  

Experiments 
ASC PV Utility PT-B 0 (fixed) 0 (fixed) 
ASC_PT-B Utility PT-B -0.971 (-1.87) -0.392 (-0.44) 
ASC_PT-T Utility PT-T -1.86 (-3.31) -1.1 (-1.17) 
ASC_WLK Utility NMT -3.05 (-3.43) -2.89 (-2.83) 
ASC_BCL Utility NMT -3.64 (-4.07) -3.49 (-3.39) 
ASC_EBC Utility NMT -1.06 (-1.09) -0.99 (-0.8) 
Inertia Utility PV 0.613 (1.29) 1.33 (1.73) 
Inertia Utility PT-B 0.8 (1.61) 0.939 (1.42) 
Inertia Utility PT-T 1.52 (2.79) 1.41 (1.84) 
Inertia Utility NMT 3.31 (4) 2.17 (2.75) 
FFT Utility PV -0.116 (-10.24) -0.118 (-10.32) 
CT Utility PV -0.141 (-14.63) -0.141 (-14.53) 
TT Utility PT-B -0.104 (-11.39) -0.105 (-11.34) 
TT Utility PT-T -0.0841 (-8.82) -0.0852 (-9.04) 
TT Utility NMT -0.146 (-13.15) -0.143 (-13.64) 
INT Utility PT-B -0.0277 (-2.3) -0.026 (-2.14) 
INT Utility PT-T -0.0465 (-3.47) -0.0465 (-3.56) 
TL Utility PV -0.264 (-7.16) -0.266 (-7.14) 
PRK Utility PV -0.29 (-7.66) -0.292 (-7.76) 
FE Utility PV -0.145 (-1.38) -0.125 (-1.27) 
TCK Utility PT-B -0.34 (-8.55) -0.35 (-8.74) 
TCK Utility PT-T -0.313 (-8.19) -0.322 (-8.62) 
NT Utility PT-B -0.403 (-5.58) -0.42 (-5.77) 
NT Utility PT-T -0.56 (-7.33) -0.561 (-7.43) 
MidAge Utility NMT 1.65 (2.15) 2.24 (3.02) 
Old Utility NMT 1.79 (2.39) 1.66 (2.93) 
Sigma PV Utility PV 2.65 (12.71) 2.8 (15) 
Sigma PT-B Utility PT-B 0.492 (2.11) -0.943 (-6.88) 
Sigma PT-T Utility PT-T -1.25 (-5.95) -0.941 (-5.43) 
Sigma NMT Utility NMT 3.24 (9.49) 3.27 (11.06) 
Log-likelihood Overall -3,791.8  -3,759.1  

 

As can be observed from Table 2the current transportation modes appear to play a 

significant role in the preferences stated by the individuals in the DCE, with the current 

choice favored over competing alternatives (inertia variables). Along this line, current 

preferences for non-motorized transportation have a stronger impact than the inertia 

associated with public and private transportation (the latter is not even significant at 

confidence level of 5%). 

The travel time associated with non-motorized alternatives has a stronger negative effect 

than in the case of private and public transportation. Further, it may be established that the 
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travel time using transit systems (especially trains) have a lesser impact on the utility than 

the travel time by private vehicles, with congestion time being perceived as more 

displeasing than free flow time. These findings are in line with the literature (Quarmby, 

1967; Caussade et al., 2005; Wardman et al., 2012, among many others).   

Table 3 – Parameter estimates for the DCE-VP 
Variable Equation Independent 

Model 
Correlated  

Experiments 
ASC CV Utility CV 0 (fixed) 0 (fixed) 
ASC_HEV Utility HEV 1.28 (1.35) 0.807 (1.01) 
ASC_PHEV Utility PHEV 0.595 (0.63) -0.13 (-0.14) 
ASC_BEV Utility BEV -0.744 (-0.61) -1.75 (-1.48) 
PP Utility CV -2.36 (-3.53) -2.17 (-3.05) 
PP Utility HEV -2.71 (-15.35) -2.56 (-14.57) 
PP Utility PHEV -2.3 (-11.88) -2.37 (-11.79) 
PP Utility BEV -1.81 (-6.86) -1.98 (-6.81) 
MC Utility CV, HEV; PHEV, BEV -32.8 (-7.82) -32.9 (-7.83) 
FC Utility CV, HEV; PHEV, BEV -33.5 (-13.38) -32.9 (-13.11) 
PS Utility CV 0.0675 (3.02) 0.0525 (2.27) 
PS Utility HEV 0.0504 (5.38) 0.0434 (4.57) 
PS Utility PHEV 0.0466 (4.67) 0.0445 (4.42) 
PS Utility BEV 0.00488 (0.52) 0.00463 (0.49) 
PS * Male Utility CV -0.0227 (-2.5) -0.0134 (-1.44) 
PS * Male Utility HEV -0.0147 (-1.53) -0.0105 (-1.07) 
PS * Male Utility PHEV -0.0184 (-1.9) -0.0141 (-1.44) 
PS * Male Utility BEV -0.00175 (-0.17) -0.00267 (-0.26) 
MidAge Utility HEV -0.513 (-0.97) -0.191 (-0.46) 
MidAge Utility PHEV -0.49 (-0.96) -0.298 (-0.52) 
MidAge Utility BEV -1.48 (-2.19) -1.07 (-1.21) 
Old Utility HEV -1.09 (-1.98) -1.15 (-2.71) 
Old Utility PHEV -1.14 (-2.13) -1.51 (-2.72) 
Old Utility BEV -3.13 (-4.25) -3.45 (-3.84) 
RA Utility BEV 0.00514 (5.8) 0.00538 (5.87) 
LSMid Utility BEV 0.154 (0.52) 0.184 (0.6) 
LSHigh Utility BEV 0.807 (2.97) 0.843 (2.98) 
IM3 Utility BEV 0.424 (1.86) 0.416 (1.77) 
Sigma CV Utility CV -2.34 (-12.56) -0.585 (-1.23) 
Sigma HEV Utility HEV -0.773 (-4.04) -0.775 (-4.15) 
Sigma PHEV Utility PHEV 0.535 (2.31) 0.533 (2.51) 
Sigma BEV Utility BEV -2.39 (-9.78) -2.14 (-9.72) 
a-PV Utility CV - (-) 0.2 (3.41) 
a-PV Utility HEV - (-) 0 (fixed) 
a-PV Utility PHEV - (-) -0.0268 (-0.44) 
a-PV Utility BEV - (-) -0.23 (-2.08) 
a-PT-B Utility CV - (-) -1.06 (-3.74) 
a-PT-B Utility HEV - (-) 0 (fixed) 
a-PT-B Utility PHEV - (-) 0.613 (2.78) 
a-PT-B Utility BEV - (-) 0.833 (2.77) 
a-PT-T Utility CV - (-) -1.43 (-3.86) 
a-PT-T Utility HEV - (-) 0 (fixed) 
a-PT-T Utility PHEV - (-) 0.46 (1.79) 
a-PT-T Utility BEV - (-) 1.06 (2.7) 
a-NMT Utility CV - (-) -0.333 (-4.23) 
a-NMT Utility HEV - (-) 0 (fixed) 
a-NMT Utility PHEV - (-) 0.0752 (1.29) 
a-NMT Utility BEV - (-) 0.325 (3.42) 
Log-likelihood Overall -3,791.8  -3,759.1  
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The interval time (normally associated with the waiting time for public transportation) is 

associated with a lesser disutility than the travel time, which may be related to the fact that 

transit systems in Austria operate on schedule, and therefore higher interval times are 

associated rather with less flexibility (regarding departure time) than with larger waiting 

periods.    

Regarding travel expenses, it is observed that toll and parking fees are perceived as much 

more discouraging that fuel costs (with the parameter associated with the latter not being 

statistically  significant). However, the disutility associated with toll and parking fees is 

less than the disutility associated with tickets for public transportation. Given the fact that 

it was allowed for multiple time and money parameters to be calibrated (related to different 

transportation modes and features) there is no uniform value of time (VoT), but it ranges 

between 23€-26 €/hr. for private transportation and 15€-18 €/hr. for public transportation. 

The number of transfers has a significant negative impact for both public transportation 

alternatives, while it can be established that middle-aged and older individuals favor non-

motorized alternatives. A statically significant correlation among the answers provided by 

the same individuals was identified for all alternatives. 

In general, major differences between the estimates following both approaches cannot be 

established. The main differences are related to changes in the ASCs and inertia variables 

(which are more sensitive to changes when using an alternative-specific correlation 

structure) as well as to a significant increase of the variability of the PASEC associated 

with the alternative TP-B.   

The estimates for the DCE-VP (Table 3) are in line with the results reported by 

Bahamonde-Birke and Hanappi (2015) using the complete database for the DCE-VP 
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experiment (in this case, only the answers provided by the 276 individuals responding both 

questionnaires are being used). This way, it is possible to identify significant disutilities 

associated with the purchase price - opposite to Bahamonde-Birke and Hanappi (2015), 

this sample does not allow identifying a higher price disutility associated with BEVs-, a 

similar impact of both kinds of operational costs (fuel and maintenance costs), a positive 

impact of the engine power for all alternatives considering a conventional motor that does 

not extend to pure electric vehicles. Similarly, it can be established that women value 

increases in the engine power more than men do (a one-tailed test on statistical significance 

is performed as the sign is known a priori) or than older individuals ascribe a lesser utility 

to electric vehicles. In the case of middle-aged individuals only a disutility associated with 

pure electrics vehicles can be statically identified. 

For this sample, the willingness-to-pay for an extended driving range is slightly less than 

reported by Bahamonde-Birke and Hanappi (2015), ranging between 27 €/km and 28 €/km 

(depending on the model). It is observed that only one incentive policy (investment 

subsidies supporting private charging stations) has a significant impact on the adoption of 

BEVs. Along this line a high availability of charging stations have a positive effect, while 

a medium availability is statistically no different from poor availability.  

Concerning the comparison between the model considering independent experiments and 

the one taking the correlation into account, it may be concluded that the main differences 

are (as in the previous case) associated with the ASCs and the PASECs. While the 

PASECs are all significand for the independent model, for the correlated model it can be 

observed that the variability of the PASEC of alternative PV is substantially smaller, not 

being statistically different form zero (the variability of the PASECs does not exhibit 

significant differences between models for the remaining alternatives). Nevertheless, in 
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this case the differences between parameter estimates appear to be larger than in the 

previous case. It may be explained by the fact that in this experiment, the impact of the 

correlation observed in the DCE-VP is being considered directly into the utility functions.  

Finally, it can be established that the correlation among the answers provided by the same 

individual in the DCE on modal choice has a significant effect on the answers provided in 

the DCE-VP, as most of the parameters accounting for correlation across experiments are 

statistically significant. Therefore, it can be concluded that the transport behavior indeed 

influences the preferences for electromobility. Additionally, a substantial increase of the 

predictive capability is observed with the goodness-of-fit of the model accounting for 

correlation clearly outperforming the independent model (the likelihood-ratio test for equal 

predictive capability can be easily rejected). 

Table 4 presents an overview of the effect of the PASECs of the DCE-MC on the utility 

functions of the DCE-VP. Here, the estimated parameters (αjk) are multiplied by variability 

(absolute value) of the PASECs in order to offer a better representation of the extent, to 

which the utility functions of the DCE-VP are affected by these error component.  

Table 4 – Impact of the PASECs of the DCE-MC on the DCE-VP 
 PV PT-B PT-T NMV 

Sigma 2.8 0.943 0.941 3.27 
CV 0.56 -1.0 -1.35 -1.09 

HEV 0* 0* 0* 0* 
PHEV -0.08** 0.58 0.43** 0.25** 
BEV -0.64 0.79 0.99 1.06 

*Reference alternative 
** α parameters not statistically different from zero 

As can be observed, individuals favoring private transportation (PV) in the modal choice 

experiment tend to favor conventional vehicles in the vehicle purchase experiment as well. 

Along this line, these individuals tend to dislike BEVs. Contrariwise individuals favoring 

public transportation or non-motorized alternatives ascribe a higher utility to BEVs and a 
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relative disutility to CVs. It is not possible to identify a statistically significant correlation 

among travel behavior and preferences between HEVs and PHEVs (except in the case of 

PT-B users favoring PHEV). This is in line with our expectations, as HEVs and PHEVs are 

usually perceived as similar alternatives.  

These finding are line with the assumption that individuals concerned about the 

environment may favor both public or non-motorized transportation and electric vehicles.  

5.   CONCLUSIONS 

It is well documented in the literature that apparently independent choices may be 

interconnected by underlying attitudes, preferences, perceptions or values of the decision-

makers. This way, it may be expected, for instance, that choices such as residential location 

or travel behavior exhibit a high correlation with car ownership. Along this line, it may be 

expected for correlation to arise every time choices of the same individuals are being 

modelled.  

This paper proposes and successfully tests a method to treat correlation among the answers 

provided by the same individuals in independent stated-choice experiments. The method 

relies on person- and alternative-specific error components (covariances) and aims to 

include individual-specific error components associated with the alternatives of a given 

experiment into another. This way, it is possible to analyze how the favoritism of given 

individual for a certain alternative in a given experiment affects the preferences of the 

same individual in another choice situation. This approach overcomes some shortcomings 

of alternative treatments, such as controlling for underlying attitudes (e.g. through latent 

variables or latent classes), as it allows for capturing the entire effect and not only the part 

associated with the modelled attitudes. 
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This framework is utilized in order to analyze whether the transport behavior influence 

preferences for electromobility. The results show that the preferences for electromobility 

are strongly affected by the choices for the transportation mode of regular trips. Thus, it is 

possible to determine that individuals favoring private transportation also favor 

conventional vehicles over electric alternatives (and especially over pure battery electric 

vehicles). On the contrary, individuals preferring public or non-motorized transportation 

ascribe a higher utility to electric vehicles, especially to pure battery electric vehicles. 

As a possible explanation for the phenomena may rely on underlying environmental 

attitudes, it would be interesting to analyze how the correlation between both decisions 

would be affected, when the modeler controls for this environmental attitude (for instance, 

using latent variables or latent classes). Further research should be conducted in this 

direction. 

ACKNOWLEDGMENTS 

This paper is based on the scientific work done in the DEFINE project (Development of an 
Evaluation Framework for the Introduction of Electromobility). We gratefully 
acknowledge the funding for DEFINE as part of the ERA-NET Plus Electromobility+ call 
by the EU-Commission and national funding institutions: the Ministry for Transport, 
Innovation and Technology (Austria), the Federal Ministry of Transport and Digital 
Infrastructure, formerly Federal Ministry for Transport, Building and Urban Development 
(Germany), and the National Centre for Research and Development (Poland). For further 
information on DEFINE, please see https://www.ihs.ac.at/projects/define/. 

 

REFERENCES 
1.- van Acker, V. and  Witlox, F. (2010). Car ownership as a mediating variable in car 
travel behaviour research using a structural equation modelling approach to identify its 
dual relationship. Journal of Transport Geography 18(1), 65-74. 
2.- Bahamonde-Birke, F.J., Kunert, U., Link, H. and Ortúzar, J. de D. (2014). About 
attitudes and perceptions – finding the proper way to consider latent variables in discrete 
choice models. 3rd hEART Symposium of the European Association for Research in 
Transportation, Leeds, UK, 10-12, September, 2014. 

https://www.ihs.ac.at/projects/define/


19 

3.- Bahamonde-Birke, F.J. and Hanappi, T. (2015). The potential of electromobility in 
Austria. An analysis based on hybrid choice models. Kuhmo-Nectar Conference of the 
International Transportation Economics Association, Oslo, Norway, 17-19, June, 2015. 
4.- Ben-Akiva, M. and Bolduc, D. (1996). Multinomial probit with a logit kernel and a 
general parametric specification of the covariance structure. Working paper, Université 
Laval and Massachusetts Institute of Technology. 
5.- Ben-Akiva, M.E., Walker, J.L., Bernardino, A.T., Gopinath, D.A., Morikawa, T. and 
Polydoropoulou, A. (2002). Integration of choice and latent variable models. In H.S. 
Mahmassani (ed.), In Perpetual Motion: Travel Behaviour Research Opportunities and 
Challenges. Pergamon, Amsterdam. 
6.- Bhat, C. R. and Gossen, R. (2004). A mixed multinomial logit model analysis of 
weekend recreational episode type choice. Transportation Research Part B: 
Methodological 38(9), 767-787. 
7.- Bierlaire, M. (2003). BIOGEME: A free package for the estimation of discrete choice 
models, Proceedings of the 3rd Swiss Transportation Research Conference, Ascona, 
Switzerland. 
8.- Cao, X., Mokhtarian, P. L., and Handy, S. L. (2009). Examining the impacts of 
residential self‐selection on travel behaviour: a focus on empirical findings. Transport 
Reviews 29(3), 359-395. 
9.- Cardell, N. S. and Dunbar, F. C. (1980). Measuring the societal impacts of automobile 
downsizing. Transportation Research Part A: General 14(5), 423-434. 
10.- Caussade, S., Ortúzar, J. de D., Rizzi, L. I. and Hensher, D. A. (2005). Assessing the 
influence of design dimensions on stated choice experiment estimates. Transportation 
research part B: Methodological 39(7), 621-640. 
11.- Daly, A. J. and Hess, S. (2010). Simple approaches for random utility modelling with 
panel data. European Transport Conference 2010, Glasgow, U.K., 11-13, October, 2010. 
12.- Daziano, R.A. and Bolduc, D. (2013). Incorporating pro-environmental preferences 
towards green automobile technologies through a Bayesian hybrid choice model. 
Transportmetrica A: Transport Science, 9(1), 74-106. 
13.- Dieleman, F. M., Dijst, M., and Burghouwt, G. (2002). Urban form and travel 
behaviour: micro-level household attributes and residential context. Urban Studies 39(3), 
507-527. 
14.- Domencich, T. and McFadden, D. (1975). Urban Travel Demand – A Behavioural 
Analysis. North Holland, Amsterdam. 
15.- Ehsani, M., Gao, Y., and Emadi, A. (2009). Modern electric, hybrid electric, and fuel 
cell vehicles: fundamentals, theory, and design. CRC press. 
16.- Eppstein, M.J., Grover, D.K., Marshall, J.S. and Rizzo, D.M. (2011). An agent-based 
model to study market penetration of plug-in hybrid electric vehicles. Energy Policy 39(6), 
3789-3802. 
17.- Glerum, A., Stankovikj, L., Thémans, M. and Bierlaire, M. (2013). Forecasting the 
demand for electric vehicles: accounting for attitudes and perceptions. Transportation 
Science 48(4), 483-499. 
18.- Golob, T. F. (1990). The dynamics of household travel time expenditures and car 
ownership decisions. Transportation Research Part A: General 24(6), 443-463. 



20 

19.- Hackbarth, A. and Madlener, R. (2013). Consumer preferences for alternative fuel 
vehicles: A discrete choice analysis. Transportation Research Part D: Transport and 
Environment 25, 5-17.  
20.- He, L., Chen, W. and Conzelmann, G. (2012). Impact of vehicle usage on consumer 
choice of hybrid electric vehicles. Transportation Research Part D: Transport and 
Environment 17(3), 208-214. 
21.- Hess, S., Train, K. E., and Polak, J. W. (2006). On the use of a modified latin 
hypercube sampling (MLHS) method in the estimation of a mixed logit model for vehicle 
choice. Transportation Research Part B: Methodological 40(2), 147-163. 
22.- Jenn, A., Azevedo, I.L. and Ferreira, P. (2013). The impact of federal incentives on 
the adoption of hybrid electric vehicles in the United States. Energy Economics 40, 936-
942. 
23.- Jensen, A.F., Cherchi, E. and Mabit, S. L. (2013). On the stability of preferences and 
attitudes before and after experiencing an electric vehicle. Transportation Research Part 
D: Transport and Environment 25, 24-32. 
24.- Jensen, A. F., Cherchi, E. and Ortúzar, J. de D. (2014). A long panel survey to elicit 
variation in preferences and attitudes in the choice of electric vehicles. Transportation 
41(5), 973-993. 
25.- Kim, J., Rasouli, S. and Timmermans, H. (2014). Expanding scope of hybrid choice 
models allowing for mixture of social influences and latent attitudes: Application to 
intended purchase of electric cars. Transportation Research Part A: Policy and Practice 
69, 71-85. 
26.- Lebeau, K., van Mierlo, J., Lebeau, P., Mairesse, O. and Macharis, C. (2012). The 
market potential for plug-in hybrid and battery electric vehicles in Flanders: A choice-
based conjoint analysis. Transportation Research Part D: Transport and Environment 
17(8), 592-597. 
27.- McFadden, D. (1974). Conditional logit analysis of qualitative choice behaviour. In 
Zarembka, P. (ed.), Frontiers in Econometrics, 105-142. Academic Press, New York. 
28.- McFadden, D. (1986). The choice theory approach to market research. Marketing 
science, 5(4), 275-297. 
29.- Offer, G. J., Howey, D., Contestabile, M., Clague, R., and Brandon, N. P. (2010). 
Comparative analysis of battery electric, hydrogen fuel cell and hybrid vehicles in a future 
sustainable road transport system. Energy Policy 38(1), 24-29. 
30.- Ortúzar, J. de D. and Willumsen, L.G (2011). Modelling Transport. Fourth Edition, 
John Wiley and Sons, Chichester. 
31.- Quarmby, D. A. (1967). Choice of travel mode for the journey to work: some findings. 
Journal of transport Economics and Policy, 273-314. 
32.- Thurstone, L.L. (1927). A law of comparative judgment. Psychological Review 34, 
273 286. 
33.- Train, K.E., McFadden, D.L. and Goett, A.A. (1987). Consumer attitudes and 
voluntary rate schedules for public utilities. Review of Economics and Statistics 64, 383-
91. 
34.- Vredin-Johansson, M., Heldt, T. and Johansson, P. (2006). The effects of attitudes and 
personality traits on mode choice. Transportation Research Part A: Policy and Practice 
40(6), 507-525. 



21 

35.- Walker, J. L., Ben‐Akiva, M., and Bolduc, D. (2007). Identification of parameters in 
normal error component logit‐mixture (NECLM) models. Journal of Applied Econometrics 
22(6), 1095-1125. 
36.- Wardman, M., Chintakayala, P., de Jong, G. and Ferrer, D. (2012). European wide 
meta-analysis of values of travel time. Report prepared for the European Investment Bank. 




