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Abstract

This research aims at modeling the future demand for eteegticles on the Swiss market.
To do so, a nested logit model is calibrated on stated pmre¢erdata from a survey where each
respondent had to face a choice situation context with iclalsgasoline vehicles, including

his own current vehicle, and an electric vehicle. A nestgjt lmodel enables us to take into
account the existence of common characteristics betweéematives which do not belong to

the respondent in comparison to latter’'s own car, when wéyaadhe impact on choice of

attributes of each alternative as well as socio-econonficrimation of the respondent.
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1 Introduction

As the large-scale release of electric vehicles on the Swasket is approaching, the market
shares within the automotive sector for the different tygfesars (namely gasoline cars, hybrid
cars and electric cars) are likely to be significantly atelctThis particular context motivated
a sound demand analysis for electric cars in Switzerlanokder to identify the characteristics
which would influence individuals’ purchase decision anel plopulation segments which are
the most likely to be interested in such cars.

This demand study required a stated preferences surveytsiconducted in two phases
in collaboration with Renault Suisse and EPFL's TranspiomaCenter. In the first phase,
information was collected about respondents’ currentale(s) and in the second phase, this
information was used to build choice situation context®iving the respondents’ own car(s),
a gasoline car in the same segment but from the Renault brah@iraally a similar electric
car. In the survey, respondents were also asked to reparbihiaion on statements related to
topics such as ecology, new technologies or reliabilityhefelectric vehicle.

The sample consisted of four target groups of respondeatsndividuals who bought a new

car in the last three years, people who intend to buy a newnctre next six months, Re-

nault customers or future customers who pre-ordered atrielgehicle, and subscribers to the
newsletter on electric vehicles. The whole survey involveshbondents from three speaking
parts of Switzerland, that is the German, French and Itg&ats.

This research project leads to the estimation of discredé&cehmodels in order to understand
vehicle preferences with respect to their characteristissvell as socio-economic information
of each respondent and be able to predict vehicle purchdsavioe. The structure of the
choice situation contexts allows for the calibration of ralsdvith complex structures, such as
nested constructions. The alternatives indeed consisbefred vehicle, an alternative to the
latter from another brand and an electric car, and can hemoetivo different types of nesting
structures, i.e. owned versus Renault vehicles or gasedirsis electric cars.

This paper first presents the data collection. Second, thgehmg framework is explained.
Third, the specification of the discrete choice model in tagecof our study on vehicle pref-
erences is detailed and the estimation results are provMiedconclude by showing the next
steps in our research.
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2 Data collection

In order to collect information on individuals’ preferesca®wards different types of vehicles,
a survey was set up. At the moment, electric vehicles are aiywreleased on the market and
hence their real demand cannot be evaluated yet. Therefolethe latter can only be eval-
uated viahypothetical choice situations contexts. Surveys involving such hygtital choice
situation contexts are callesated preference surveys. In our case, three different types of
vehicles are presented to the respondents:

e A vehicle that the respondent’s household currently owns;

e An analogous model from the Renault brand, if the resporsleahicle is from a differ-
ent brand;

e A similar electric car from the Renault brand.

Despite the impossibility of gathering data about the irdiials’ real purchase decisions, the
survey shows realistic and personalized choice situabgmscluding vehicles currently owned
by the respondents. This feature of the survey implied perifty two questionnaires: the first
one was designed in order to collect information about tepaadents’ current vehicles and the
second one to show choice situations created on the bakis déta reported by the respondents
in the first phase. Both questionnaires were performed emfircollaboration with the market
research institute GfK Switzerland.

This section describes the targeted respondents, the isgnppbtocol and the structure of the
survey.

2.1 Target groups

The survey respondents were selected in order to be repaégerof the population who was
the most likely to face a purchase choice between gasolideskattric cars. They belong to
one of the following four target groups:

Recent buyers: Individuals who bought a new car in the last three years.

Prospective buyers: Individuals who plan to buy a new car in the next six months.

Current and future Renault customers: Individuals who already own a Renault car or who
pre-ordered an electric vehicle from the Renault brand.

EV-fans: Individuals who joined the Renault newsletter on electgahicles.

The respondents in the two first groups, i.e. the recent ansbprctive buyers, were selected
via screening questions at the beginning of the questioankor the third and fourth groups,
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Group name Sent | Phase | Phase II Phase | vs phase I
Number Rate | Number Rate | Rate
1 Recent buyers 150 141 94.0%
2 Prospective buyers3006 151 10.0% 141 9.4% 93.4%
3 Renault customers 1042 | 168 16.1% | 139 13.3% | 82.7%
4 EV-fans 656 | 197 30.0% | 172 26.2% | 87.3%
Total 4704 | 666 14.2% | 593 12.6% | 89.0%

Table 1: Number of online questionnaires sent, numbers aies 0f responses after phase |
and phase Il, and between both phases, for each sample group.

i.e. the current and future Renault customers, and the BY/-the questionnaire was sent to a
list of addresses provided by Renault. The number of coraglguestionnaires, as well as the
response rates, after phase | and phase Il are reportedlaldor each sample group.

For the sample group of EV-fans, a higher response &%) was observed after the two
phases of the questionnaire. This is not surprising as BY-fready showed a non-negligible
interest in electric vehicles, by being members of a newesien electric vehicles. Let us
moreover note that the response rate between the two plsgsesyihigh for all four target
groups & 82.7%).

2.2 Sampling protocol

The respondents to the survey were sampled in order to magc8wiss proportions of three
socio-demographic characteristicgender andage, which are classical socio-economic vari-
ables for which we wish the survey sample to match the realilatipn proportions, anthn-
guage regions, for each of which different travel behaviors have been nlegkin previous
studies|(Bierlairest al| (2006)/Hurtubiaet al! (2010) and Atasot al! (2010)).

Variable Level Targeted rate Rate phase | Rate phase ll
Language German | 72.5% 67.3% 67.8%
French 23.0% 27.2% 26.6%
Italian 4.5% 5.56% 5.56%
Gender Male 49.4% 74.0% 74.2%
Female 50.6% 26.0% 25.8%
Age category 18-35 yeans33.6% 23.0% 21.8%
36-55 years 41.6% 51.8% 52.6%
56-74 years 24.8% 25.2% 25.6%

Table 2: Targeted and real response rates in each sociem@eogroup (language, gender and
age) after phase | and phase Il. The targeted rates are tlss Bmaiportions of each

group.
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The targeted proportions for each socio-demographic grasipvell as the obtained ones are
shown in Tablél2. For the language group, no obvious diffe¥atcurs between the targeted
proportions and the ones that were obtained at the end ofitireys Regarding the two other

socio-demographic groups, i.e. the language categoryrengdander, some differences in the
response rates are noticeable. Individuals aged betwean®65 years were indeed slightly
oversampled and more men answered to the survey than woreeme®n phase | and phase
the proportions did not change much, which could be expeet®the total response rate be-
tween the two phases was very high.0%).

2.3 Structure of the stated preference survey

The stated preference survey was built in two phases due twottmplexity of creating person-
alized choice situations. In this section, the structureath phases is described.

Phase | consisted of the three following sections:

Characteristics of the respondent’s car(s):The respondent is required to report the charac-
teristics of all cars in his household, that is, their makesgels, types of fuel, motorisa-
tions and versions, as far as he knows them. The informagiparted in this section is
then used to create the personalized choice situationsrstwtiie respondent in phase
Il.

Socio-economic information: The respondent is asked to answer some standard socio-
economic questions, such as gender, age, education, eis.inférmation enables us
to uncover the population segments which express differeiicle preferences when it
is integrated in the nested logit model.

Mobility habits: The last section of the first phase of the survey consists e$tipns on the
respondent’s mobility habits. For example, the respontiastto report the length of
his daily trips or the transport mode(s) he uses for somecpiat types of trips. Our
assumption is that different mobility habits, such as theasmnal or frequent use of
public transports, can induce preferences for differehtales types.

Phase Il was launched two weeks after phase I. It includethtb@mportant sections:

Opinions on five topics related to electric vehiclesin order to model complex underlying
attitudes that might affect the decision maker’s choiceuccpase an electric vehicle,
sentences related to five different topics were shown to kion.each of the statements,
the respondent was asked to rate his agreement on a fivekjpkeritscale, ranging from
‘Total disagreement’ to ‘Total agreement’. Five sentengese shown per theme. Such
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theme could include for example the ecological perceptibaroelectric vehicle, the
attitude towards new technologies or the perception ofehalility of an electric car.

Examples of sentences related to the perception of thaielgehicle as an environmen-
tally friendly solution are reported below:

e Renewable energies should be promoted, so that the enexgytaisharge the bat-
tery is also clean.

¢ Finding a solution for the second life of batteries is not ganproblem.

e | prefer driving a car with a powerful engine than a car thaitgdittle carbon
dioxyde.

Choice situations: This section builds the core of the entire survey. We wisleattto be able
to explain each individual's preference towards a paréictype of vehicle. Five choice
situations contexts are shown to each respondent. The aeaabf choice situation is
to show three different cars to the respondent: his own barahalogous model of the
Renault brand (also with combustion engine) and finally alammodel in the Renault
product line of electric cars. Such a choice situation expent enables us to define
nests of alternatives, which could be ‘gasoline’ vehictedlie respondent’s own vehicle
and the analogous gasoline vehicle by Renault, or ‘Ren#alnatives’ for the Renault
car with combustion engine which is analogous to the respatgicurrent vehicle and
the electric model. It allows for the application of nestedit models, which will be
presented in sectidn 4.

Nevertheless it is not always possible to present these #xa&ct alternatives to a respon-
dent as he may own a Renault model. In that particular caseegpondent will not be
shown the gasoline vehicle from the Renault brand and thextnative will be declared
unavailable in the model specification part.

Table[3 is an example of personalized choice situation fondividual owning a partic-
ular car model, an Audi A4. The information on the make, madel fuel type of the
respondent’s car are obtained from the vehicle descrigtilea in during phase |, and
the corresponding purchase price and the fuel cost of dyit00 km are inferred from a
data base containing information on the vehicles curreellyased on the market. The
information on the analogous gasoline vehicle from the RErtmand are also obtained
using the vehicle data base.

For the electric vehicle, levels were defined for its purehasce, a possibly attributed
governmental incentive, the cost of driving 100 km and itkdyg lease (see Tablé 4).
The levels of each variable were combined accordingftacional factorial design of
resolutionV. Let us note thablocking was also performed relatively to the four sample
groups presented in sectibnl?2.1, i.e. the recent buyerprtispective buyers, the current
and future Renault customers, and the EV-fans, in orderdaawdesirable variability
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Characteristics Your vehicle Renault vehicle Renault electric
with combustion vehicle
engine

Make Audi Renault Renault

Model A4 Laguna Fluence

Fuel Petrol Petrol Electricity

Purchase price (i | 42’400 37200 56880

CHF)

Incentive (in CHF) 0 0 —1’000

Total purchase price 42'400 37200 55880

(in CHF)

OR: Monthly leasing | 477 399 693

price (in CHF)

Maintenance costs (in | 850 850 425

CHF for 30’000 km)

Cost in fuellelectricity] | 11.70 13.55 3.55

for 100 km (in CHF)

Battery lease (in CHF | 0 0 125

per month)

[ [ [

Table 3: An example of choice situation presented to respatisdvith a standard non-Renault
car in their household. The respondent had to tick the boavbéhe column corre-
sponding to the vehicle he would choose if he had to changeahiat present.

in the answers of the respondents of each group. EV-fansl ¢@ve a higher tendency
to select the electric car in a choice situation context tharrecent buyers, for instance.
More information fractional factorial designs and bloakiprocedures can be found in

Montgomery (2001).

Level | Purchase pric® Incentive/l  CostC of 100 km Battery leasé
1 (Pown + 5'000) - 0.8 —0 CHF 1.70 CHF 85 CHF

2 (Pown + 5'000) - 1 —500 CHF  3.55 CHF 105 CHF

3 (Pown + 5'000) - 1.2 —1'000 CHF  5.40 CHF 125 CHF

4 - —5'000 CHF - -

Table 4: Levels of the variables related to the electric eleBiwhich are subject to an experi-
mental design, that is, the purchase piitdased on the prick,,, of the respondent’s
car, a possible governmental incentiyeéhe costC' of driving 100 km and the battery
leasel.
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3 Methodology

The methodology used to analyze the potential demand fotrelerehicles isdiscrete choice
modeling. It enables us to analyse the effect on vehicle choice dbates of each alternative
and socio-economic information of the respondents. Whemesalternatives share common
characteristics, a particularly appropriate model cangg@ied, that is, anested logit model,
where such alternatives are said to belong to the same nest.

One of the outcomes of a discrete choice model is the posggitml compute the probability
that an individuah chooses an alternativeln a nested logit model, such probability depends
on the nesin the alternative belongs to, i.e. it is given by the following formula:

Po(i|Cp) = Fy(ilm, Cn) Pa(m|Ch), 1)

where(,, is the choice set of individual. For some individuals, all alternatives might indeed
not always be available. Hence, a choice(sgts defined for each individual, containing the
alternatives: has access to. Equatidg (1) is the product of two factBy$i|m, C,,), which is
the probability that individuab chooses alternativiegiven that alternativé belongs to nest:,
and P, (m|C,), which is the probability that individual selects an alternative in nest

A derivation of formulal{IlL) leads to the following expressiaf probability P, (i|C, ):

K
6,LLm Vin Z eﬂm Vin) om
( 1€ECmn ) _ (2)

Pn(i|cn) =
Zjecmn Zp (ZlEC eﬂp%n) Bp

wherey,, is a coefficient associated to nestand which needs to be estimatedis a scale
parameter(,,, is the choice set of alternatives in nestfor an individualn andV;, is the
deterministic utility associated to alternativéor individual n.

The deterministic utilityl;,, is a functionV' of characteristicsy;,, of alternative; and respon-
dentn, and of a vector of parametgr i.e.

Vin = V(Xin; 3). 3)

FunctionV must be specified by the modeler. In order to identify whictialdes have an effect
on inviduals choices, we need to estimate the vegiwirparameters on the collected data. This
is performed by maximum likelihood estimation, where thiéofeing likelihood function. is
maximized:

N Je,

c=1[IIE.Glc.) 4)

n=1i=1
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whereC,, is the choice set for respondent.J, is the number of available alternativesah
andy;,, is an indicator that respondentchose alternativé. Precisely, variable;, is defined
as follows:

)1
Yin 0

The vector of parameterg is estimated by maximizingl. For that purpose, we
use the extended version of software BIOGEME (BierlalreOG) which is described
in Bierlaire and Fetiarison (2009).

if U;p, = max; Ujy,

otherwise

(5)

4 Model specification and estimation

In this section we present the specification of the nestatitoadel used to analyze the demand
for the three vehicle types, i.e. the respondent’s own Vehibe analogous gasoline car from
the Renault brand and the electric car. As explained in@aiti deterministic utility functions
must be specified for each alternative. We denote theWo@s Vrenaur @nd Veiee fOr each
alternative mentioned above, respectively. Table 5 shbevspecification of all three utilities.
Each utility V; is given by the inner product between the left-hand columiiliti¢s’ and the
column corresponding to alternativeFor example, utility!,,, is given by the inner product
between column ‘Utility’ and column ‘Own car’.

Utilities Own car Renault car Electric car
ASCown 1 - -

AS CRenauIt - 1 -

5 Priceyun priceyn - -

ﬁpriceRenaun - pric%enault -

ﬁpriceelec - - priceelec
BuseCost UseCostwn  UseCoStenaut -

BuseCostiec - - UseCostiec
BBatteryHigh | - - BatteryHigh
BincentiveHigh | - - IncentiveHigh
OBpTwork PTWork PTWork -

BincomeHigh | IncomeHigh  IncomeHigh -

ONbCars NbCars NbCars -

Bramchild - FamChild FamcChild
Bage - Age Age

Table 5: Specification table of the utilities

Several types of variables were assumed to have an influémedividuals’ vehicle choices:

Common characteristics of all cars: We specified alternative specific price coefficients,
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since we assume that the impact on the purchase decisiore girites pricg,,, of a
vehicle currently owned, prigg,,: Of a similar vehicle or pricg,. of a vehicle with a
totally new type of engine can be perceived differently. Wadem the hypothesis that
individuals perceived fuel costs UseCggtand UseCogtnayifor their own car and the
analogous model from Renault, respectively, the same wagicé] a generic coefficient
is specified for both. Since the charging cost Use{Rstf the electric alternative is a
discrete value indicating a high cost of electricity, a éioefnt specific to that alternative
was specified.

Characteristics of the electric car: Besides vehicle price and usage costs, two other variables
were part of the experimental design related to the eleatr&native, that is, a possible
governmental incentive and the battery monthly lease. i$&l¢ the highest levels of
these variables, denoted as IncentiveHigh and Batteryiayle introduced in the utility
of the electric alternative.

Socio-economic characteristics:Variables related to the usage of public transportation for
work-related trips, the income or the total number of cath@household were included
in the utilities of the respondent’s car and the analogoudgdenault, in order to ob-
serve their effect on the choice of gasoline cars in comparigth the electric one. Other
characteristics, such as the family composition or theaedpnt’s age, were introduced
in the utilities of the gasoline car by Renault and the elecir. Their impact on choice
was assumed to differ depending on whether the car belortge tespondent or not.

Let us remark that due to the fact that some respondents megdstt own a Renault vehi-
cle, their choice set§’, might be restricted to their car and the electric one, i.e.steh an
individualn, we have:

CRenault_ fown, electrig.

For all other individuals, the choice g€}, is made of their own non-Renault car, the analogous
gasoline model by Renault and the electric vehicle. It iegily the following expression:

ChonRenault_ fown, Renault, electric

Our assumption to calibrate a nested logit model is thatredterzes which are not owned by a
respondent are perceived differently than the alternatresisting of his own car. Hence the
two Renault models, driven by gasoline or electricity, ngldo a same nest, denoted as the
‘Renault’ nest. A scale parametggenauirelative to this nest must consequently be specified.
Let us remark that scale parameteof equation[(R) is set td, for normalization purposes.

The parameters of Tab[é 5 are estimated by maximum liketihdable6 shows the estimates
of the parameters of the nested logit model whose specditati described above and of a
logit model with the same deterministic utilities, for coanggon purposes.

10
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Nested logit model Base model
Variable Estimate t-test Estimate t-test
ASCown 0.05 0.19 0.37 151
ASCrenault -0.35 -1.47 | -0.72 -2.14
Pricewn -0.03 -2.32 -0.03 -2.11
Pric&enault -0.30 -5.70 -0.26 -3.66
Priceyec -0.40 -9.84 -0.45 -10.73
UseCost -0.05 -2.33 -0.08 -3.59
UseCosfiec -0.18 -2.50 -0.21 -2.44
BatteryHigh -0.12 -1.63 -0.18 -2.07
IncentiveHigh | 0.57 6.69 0.65 7.18
PTWork -0.39 -4.40 -0.49 -5.28
IncomeHigh -0.22 -2.98 -0.29 -3.53
NbCars -0.15 -3.25 -0.20 -3.96
FamChild 0.25 3.10 0.25 3.07
Age -0.23 -2.47 -0.22 -2.37
[LRenault 1.69 6.20 - -
Log-likelihood | -2237.64] -2242.49

Table 6: Estimation Results

All estimates of the nested logit model are significant 854 level of confidence, except for
the coefficient for the battery lease, which is significa@@i%, and for the alternative specific
constants. From the signs of the estimates, the followimglesions can be made:

e The negative sign of the price coefficients show that the drighe purchase price of a
vehicle is, the lower its utility becomes. The effect of theghase price is the most
important for the electric alternative, the second mostrtgnt for the gasoline car from
the Renault car and the least important for the vehicle ovinyettie respondent.

e Refueling and recharging costs have a negative effect ontility of all vehicles. For
the electric vehicle, only the highest level of price of életty affects the choice signif-
icantly.

e The highest levels of a potential governmental incentiwe @frthe battery lease signifi-
cantly decrease the utility of the electric vehicle.

e The signs of the estimates of the parameters relative tattie-economic variables have
meaningful interpretations and characterize the poterustomers.

The nest parameterr......: iS moreover significantly different frorh, as we have:

MRenautt— 1 _ 1.69 -1
0.272

~ 9 54,

U#Renault

whereo ... denotes the standard deviation for paramgt@hauie

This results shows evidence for the existence of a nestadtste. A likelihood ratio test
between the nested logit model and the logit model demdsstthat the nested logit model is

11
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more appropriate.

A nested logit model with a nest including all gasoline vésowvas also estimated, but the
results did not show any improvement over a logit model wiid same specification. The
same holds for the cross-nested structure including nedtsRenault cars and with gasoline
cars. These reasons moreover confirm that the nested lodélmith a nest consisting of the
vehicle owned by the respondent and another nest gathdrengvb Renault vehicles is the
most adequate nested structure.

5 Conclusion

In this paper we presented the framework of a survey designaaalyze the future demand for
electric vehicles, in a context of their near large-scalease on the market, as well as results
from the estimation of a nested logit model on the obtainédilcke preference data.

The calibration of such model enabled us to assess the efi@ttoice of general characteristics
of the cars, such as their purchase price, or of particutabates of electric vehicles, such as
the battery lease. Moreover, by including socio-econorh@racteristics in the model, we
could uncover segments of the population which have gremeference for electric vehicles
and which might hence be potential customers.

The impact on choice of common characteristics of vehicleEkvare not owned by the re-
spondent in comparison with the vehicle he currently ownsgatbe captured by the calibration
of a nested logit model. Such model happened to be more abtitigate a simple logit model.

One of the patrticularity of the survey was the inclusion atetents related to the opinions of
the respondents on certain topics such as their percefdtamelectric vehicle as an ecological
alternative to gasoline cars. A next step in this researaiavioe to include these attitudes or
perceptions into the discrete choice model via an intedrisg@nework with latent constructs
(see_Walkeri(2001) and Walker and Ben-Akiva (2002)).

Further work also include a forecasting analysis, in ord@valuate the potential market share
for electric vehicles in Switzerland.
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