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1. Introduction

When an individual is engaged in an automobile purchase, the presence of other household members is
reasonably expected to play a role in influencing an individual’s preference and hence choice made for
a particular purchase (see for example, Beck et al. 2013, Zhang et al. 2009, Timmermans and Zhang
2009). While this is not always the case, the literature in general supports the position of influence from
other household members. Even when the decision problem under scrutiny does not involve multiple
decision makers, many individual decisions are often influenced, directly or indirectly, by the input
from other household members (e.g., Timmermans and Zhang 2009). Hence, the way we specify the
influence of other household members matters.

There is a growing literature that takes into account, both exogenously and endogenously, the role that
other household members play in the choices made by particular individuals in a household (see de
Palma et al. 2014). The more advanced and behaviourally richer models of the relationship between
household members incorporate preference functions for each household member and estimate choices
of group and group members (e.g., Beck et al. 2013). While this is a preferred way to proceed, it
involves a serious effort in data collection where more than one individual is likely engaged in a
decision, either as a collaborative group choice or a series of separate and subsequently negotiated
(compromise) choices made by each household member related to same object of interest (such as a car
purchase). In practice, the absence of such data is very common and raises questions as to how we might
best recognise the influence of other household members given such data deficiency.

The current paper addresses this question by focusing on the choice of an individual who is the only
person interviewed, but recognising the role that other household members might play in influencing
the respondent’s preferences. This emphasis is aligned with the conventional approach in transport
research where a single person is assumed to be the decision-making unit but recognising that other
household members exert some influence (consciously or unconsciously) on the preferences, and hence
choices, made by the responding member of a household. This influence has implicitly been recognised
with an inclusion of household characteristics as additional explanatory variables in previous studies.
However, the estimated parameters associated with household characteristics cannot be used to
establish the power that other household members may have. That is, we are particularly interested to
see if we can reproduce the power relationship associated with the role of a primary and secondary
decision maker in a household that are obtained from joint estimation as in Beck et al. (2013) and Zhang
et al. (2009) in the same context as herein; namely automobile purchases. The former study found a
ratio close to 80:20 for each household member, and for the latter study it was approximately 65:35
(Zhang et al. 2009, page 241).

The paper is organised as follows. We begin with an overview of the nonlinear in parameters choice
models that incorporates power weights to represent the contribution of the individual and the other
household member’s preferences to the overall utility of competing alternatives. The empirical setting
is then presented, followed by model results and behavioural implications. The paper ends with
concluding comments.
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2. Mixed Multinomial Logit Model with Nonlinear Utility
Functions

The idea of using power weights to represent the influence of each agent on a joint decision is well
documented in a growing number of papers, as synthesised in Hensher et al. (2015, Chapter 22).
Although the emphasis in the literature has been on group utility expressions, in this paper we modify
the model specification to consider the data deficiency as if the decision was solely made by the
interviewed respondent with some influence from the rest of their household members. Specifically, we
assume two sources of influence on an observed choice. The first source links to attributes of an
alternative evaluated by the primary decision-maker a together with their socioeconomic characteristics.
The second source relates to the influence of other household members, collectively referred to as
secondary decision-makers b, on the decision of individual a. In a group of two persons, the second
source of influence can be characterised by socio-demographics of the secondary decision-maker b. The
primary-decision maker is assumed to maximise the total utility of these two sources in choosing an
alternative from a set of alternatives available to him. This can be reflected by weighting the utility of
each of the two sources by their relative importance (or power). Mathematically, the overall utility that
the decision-maker a derived from alternative i under the influence of their household members can be
expressed as:

U' - Z’Iavla + (1_ 2’|a)Vib + &, (1)
Viaand Vi, are the two sources of influence (or observable utility associated with the primary decision-
maker a and the secondary decision-maker b), and ¢ia is unobserved utility. Zia is the power that the
interviewed agent a possesses relative to the influence of other household member(s) b with respect to
alternative i. The observable components of utility can be specified to be linear-in-parameter and eq.
(1) can be rewritten as:

U' [a +Zﬁlak |ak+z:B|al |aIJ+(1 zﬁ'm il |+ €ia (2)

I=L+1

aia S a constant specific to alternative i; Xiax is a vector of K attributes that describe alternative i available
to primary decision-maker a; ziz and zi, are vectors of L* socio-economic characteristics of primary and
secondary decision-makers, respectively; Siax fia, and Sin are parameters to be estimated jointly using a
nonlinear logit model.

To account for the role of each source of influence on the observed choice, Zia necessarily ranges from
zero to one, with a value of zero representing influence being held solely by agent b, and a value of one
equating to the situation where the decision is solely made by agent a. The midpoint, 0.5, represents the
situation where both the interviewed individual and the rest of the household contribute equally to the
observed choice. To ensure that A, is bounded, this parameter can be specified as:

o)
b Tren(,) ©
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The power parameter &, can be formulated as a parametric function of individual characteristics,
contextual and situational factors to allow for a systematic variation in individual power Ai.
Alternatively, this power parameter can be specified as a random parameter with a known distribution
to capture the distribution of randomly distributed individual powers in the sample. This latter approach
is selected in this paper, given that situational factors are not available in SP data and individual
characteristics of both primary and secondary decision-makers have already been included in eq. (2).

This modelling structure lends itself to the mixed multinomial logit (MMNL) model. The general form
of model departs from a standard linear-in-parameters random utility model, with utility functions
defined over a choice set of J alternatives available to individual a in choice situation t:

U@ti) = V@ti) + eati=1...da;t=1..Tra=1...N 4)

with the 11D, type | extreme value distribution assumed for the random terms eai. Conditioned on
U(a,t,i), the probability that person a choose an alternative j in choice situation t is given as equation
(5), the familiar multinomial logit form. There are 8 choice situations and estimation recognises the
panel nature of the data. This engenders (potential) correlation between observations common to a
respondent, and is accommodated by a well known likelihood expression (see Hensher et al. 2015).

L explV(at,j)]
P(atj) = >l expV (a,t,i)]

()

The utility functions that accommodate non-linearity in the unknown parameters, even where the
parameters are non-random, are built up from an extension of the MMNL structure as follows:

U(ati) = dia (Ga)Vi(Xait, Zait, Ba) +(1-Aia (Ga))Vi( Zoit, Bb) + Gt (6)
where

Aia (6a )Vi(Xait, Zait, Ba) +[1-Aia (Ga)]Vi( Zbit, Bo)

= (;h {Jia (Ga )Vi(Xait, Zait, Ba) +[1-Aia (Ga)1Vi( Zbit, Bo)} (7)
an

Bm = B + T'vm,m=a,b (8)

The function hi(-) is an arbitrary non-linear function that defines the underlying utilities (preferences)
across alternatives. Heterogeneity in the preference parameters of the model is shown in (8) in line with
the MMNL model, where Bn varies around the overall constant B in response to unobservable
heterogeneity in vm. A similar structure applies for Zdia (€ ). The parameters of the distribution of Bm
are the overall mean (i.e.,§) and the Cholesky square root (lower triangle) of the covariance matrix of
the random components, I". The random components are assumed to have known, fixed (usually at zero)
means, constant known variances (usually one), and to be uncorrelated. Multivariate standard normality
is assumed for vi. The covariance matrix of Bi is Q =TI'T’. A non-random parameters model would have
I' = 0in its entirety.
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3. The Empirical Setting

The survey was framed as the household choice of a new automobile, and to be eligible to participate,
respondents must have purchased a new vehicle in 2007, 2008 or 2009 (the sample was collected in
mid-2009). The overarching object of the study was to examine how new vehicle choice may vary in
the context of regime of new pricing reforms for annual and variable charging based on the emissions
levels of an automobile. Given the nature of the survey context, the majority of respondent pairs were
husband and wife (or male and female partner) dyads. The remaining minority of dyads were composed
of a parent and an older child for whom the car was going to be purchased. Herein lies the definition of
primary and secondary users in this data set; the primary user was the person for whom the car was
being purchased or who would drive the car most often. In completing the survey, respondents initially
sat together where they jointly completed a series of questions pertaining to the characteristics of the
extant household fleet. They were then asked to separate, based on the designation of primary vehicle
user and secondary vehicle user, and on separate computer terminals the individual preferences of each
respondent were collected. It is important to note that each respondent faced four identical choice tasks
to enable the direct comparison of choices and the observation of how choices which are in
disagreement are bought into alignment, if at all. In this paper we use only the choice response context
where a primary vehicle user was separately interviewed. See Beck et al. (2013) for an application using
the group choice data.

While some information is collected on the present vehicle fleet and the most recent vehicle purchased
by the household, the RP data® and SP data are not comparable as the survey required respondents to
make choices in the context of annual and variable charging for vehicle ownership and use, based on
the level of emissions by vehicles. Such a charging regime does not exist; moreover the hybrid
alternative in the choice task was defined simply to be a cleaner technology vehicle that was a fuelled
alternative to petrol or diesel (to account for future scenarios where the dominant alternative technology
may not be electric vehicles alone). The hybrid alternative was also deliberately allowed to vary in price
such that it was price competitive with similar “regular” fuelled vehicle alternatives; a scenario that was
not the case in 2009 when the data was collected. Consequently, while the data allowed us to model a
hypothetical policy initiative over a range of uncertain futures, it does limit the extent to which the
models can be compared to the present scenario.

The choice experiment, designed for identifying ways to reduce emissions from automobile ownership
and use, included three fuel type alternatives labelled as petrol, diesel and hybrid.? Within each fuel
class each alternative was defined by a vehicle class: small, luxury small, medium, luxury medium,
large and luxury large. This was to ensure that the experiment would have adequate attribute variance
as well as meaningful attribute levels over the alternatives, particularly with respect to price, whilst still

! The method developed in this paper can be implemented with revealed preference data (if it is available),
although we do not see such data as being suitable for the application in this paper where one alternative, the
hybrid fuel source, is essentially a new alternative (at the time of the survey it was less than one percent of the
market share), and where the main attributes of interest are not currently in place in the market.

2 The choice experiment was deliberately designed such that it could capture behaviour in a future where
alternative vehicle technology was competitive with existing vehicle attributes. As such there was no restriction
placed on range or refuelling options of the hybrid alternative. Additionally the hybrid alternative was only
specified as being a vehicle type that was a fuel source that was alternative to the current dominant market options.
While other studies typically specify the hybrid as being some variant electric “hampered” by current limitations
on range and price competitiveness, this survey was deliberately designed to be free of those restrictions.
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having a manageable number of alternatives for the design. Nine attributes were included in the choice
experiment (see Table 1), refined through a pilot survey (Beck et al. 2009) and preliminary analysis of
secondary data sets.

Table 1 Attribute Levels for Choice Experiment

Attribute Levels 1 2 3 4 5
Purchase Price Small $15,000 $18,750 $22,500 $26,250 $30,000
Small Luxury $30,000 $33,750 $37,500 $41,250 $45,000
Medium $30,000 $35,000 $40,000 $45,000 $50,000
Medium Luxury $70,000 $77,500 $85,000 $92,500 $100,000
Large $40,000 $47,500 $55,000 $62,500 $70,000
Large Luxury $90,000 $100,000 $110,000 $120,000 $130,000
Fuel Price Pivot -25% -10% 0% 10% 25%
Registration Pivot -25% -10% 0% 10% 25%

Annual Emissions
Charge

Pivot off fuel efficiency of alternative. Each fuel efficiency had five possible values, with the
average of the range increasing as fuel efficiency decreased

Variable Emissions
Charge

Pivot off fuel efficiency of alternative. Each fuel efficiency had five possible values, with the
average of the range increasing as fuel efficiency decreased

Fuel Efficiency Small 6 7 8 9 10
(L /100km) Medium 7 9 11 13 15
Large 7 9 11 13 15
Engine Size (cyl) Small 4 6
Medium 4 6
Large 6 8
Seating Capacity Small 2 4
Medium 4 5
Large 5 6
Country of Random Allocation Japan Europe South Australia USA
Manufacture Korea

The socioeconomic profile of the sample of 235 respondent households, in terms of variables presented
in the final choice models, are summarised in Table 2. The overall sample is considered to be
representative of households in the Sydney region who are in the market for a new vehicle (c.f. Beck et
al. 2011). Specifically, comparing key statistics from the survey to the demographics of the Sydney
region from the 2006 Census (in the brackets): average age 44 years (46 years); male/female 49/51%
(49/51%); and average weekly personal income is $1,074.6 ($1,057.69).
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Table 2 Socioeconomic Descriptors of Sample

(DM = decision maker)

Variable Mean Std. Dev Minimum Maximum
Primary DM age (yrs) 46.13 11.96 18 75
Primary DM income ($ pa) 70,426 41,42 5 150,000
Secondary DM gender (1=female) 0.51 0.5 0 1
Secondary DM age (yrs) 45.99 11.71 18 74
Secondary DM income ($ pa) 64,574 41,547 0 180,000
Number of household driving licences 2.34 0.77 1 4
Household income ($ pa) 140,349 62,722 30,000 300,000

The levels chosen for the annual and variable emission surcharges are determined by the type of fuel a
vehicle uses and the fuel efficiency of that vehicle (see Beck et al. 2011 for details). For a given vehicle,
if it is fuelled by petrol, owners would pay a higher surcharge than if it was fuelled by diesel, which is
in turn more expensive than if it was a hybrid. Once the car has been specified in terms of fuel type and
efficiency, there are five levels of surcharge that could be applied.

The size of the vehicle is represented by a number of attributes in the choice experiment such as engine
capacity, seating capacity, fuel consumption and registration. As explained in other papers cited, a
reference alternative is included in the experimental design to add to the relevance and comprehension
for the attribute levels being assessed (see Rose et al., 2008). In the process of designing the choice
experiment, there were a number of conditions on the interaction of the attributes and alternatives (Beck
et al., 2011). The annual and variable surcharges that are applied to an alternative are each conditional
on the type of fuel used and the fuel efficiency of the vehicle in question. If the reference alternative is
petrol (diesel), the petrol (diesel) fuelled alternative must have the same fuel price as the reference
alternative. The annual and variable surcharge for the hybrid alternative cannot be higher than that of
another vehicle when the alternative vehicle has the same fuel efficiency rating or is more inefficient
than the hybrid. To ensure that respondents faced a realistic choice set, given the vehicle size of the
reference alternative, one of the remaining alternatives was restricted to be the same size as the
reference, another was allowed to vary plus/minus one body size, and the third was allowed to vary
freely. The condition was applied to the alternatives at random.

The choice experiment is a D-efficient design where the focus is on the asymptotic properties of the
standard errors of estimates, given the priors of attribute parameters. Prior parameter estimates obtained
from substantive pilot surveys are used to minimise the asymptotic variance-covariance matrix which
leads to lower standard errors and more reliable parameter estimates, for a given sample size (see Rose
and Bliemer 2008 for details). The methodology focuses not only on the design attributes which are
expanded out through multiple choice sets, but also on the non-expanded socio-demographics and other
contextual variables that are replicated as constants within each observation, and whose inclusion
should have the greater influence on the efficient sample size.

The values of fuel price and registration (including compulsory third party (CTP) insurance) pivot off
an actual experience as follows:
o Fuel price pivots around the daily fuel price as entered by the interviewer. There are five levels of
fuel price (-25%, -10%, no change, +10%, +25%).
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e Registration (including CTP) pivots around the actual cost provided by the respondent. There are
five levels of registration (-25%, -10%, no change, +10%, +25%).

An internet based survey with face to face assistance of an interviewer was programmed. An eligible
respondent had to have purchased a new vehicle in 2007, 2008 or 2009. Details of response rates and
reasons for non-eligibility are summarised in Beck et al. (2011). Respondents provided details of the
vehicles within the household, and details of the most recent (or a potential) purchase. Eight choice sets
are provided (with an example shown in Figure 1), with all participants asked to review the alternatives,
and then indicate their preferred outcome, as well as an indication of which alternatives are acceptable,
and what is the certainty of actually making the choice if it were available now in a real market. This
paper does not use the response on acceptability of an alternative and the certainty scale response which
is reported in a number of other papers such as Hensher and Rose (2012), Hensher et al. (2011) and
Beck et al. (2013a).2 We use only the rank response converted to the first preference choice (1,0).

Choice Scenario 1

Make your choice given the vehicles presented in this table.
If an attribute is not relevant across all alternatives, then please click on the label of the attribute.

In an attribute is not relevant for one or more specific alternatives, then please click an the box that the attribute is in.

Current
Vehicle

Large Small Small
Luxury Luxury Luxury
Petrol Diesel Hybrid

$30,000 $100,000 145,000 140,500
‘ $2.00 $2.00 $1.50
$200 $180 $180 $220
$0.00 $175.00 $0.00
$0.36 $0.18 $0.18
58 9 7 9
4 6 6 6
2 6 4 4
Europe UsA Japan Japan
Please rank the above chaoices in order of preference
(1 = most preferred, 3 = least preferred) Petrol Diesel Hyhric!
Please indicate which vehicles are ones that you O Yes O Yes O Yes
wauld find acceptable O Mo O Mo O Mo

Given that the vehicle you rated number one is your preferred choice, on the following scale, how certain are you that
you would actually make this choice?

Q1 02 O3 04 ©C5 O O7F Qg 03 Q10
Yery Unsure Yery Sure

Met

Figure 1 Illustrative Stated Choice Screen

% In terms of alternative acceptability, in 14% of choice tasks all alternatives were acceptable, in 46% one
alternative was unacceptable, in 29% two alternatives were unacceptable and in eleven percent of choice tasks all
three alternatives were unacceptable to respondents. The petrol alternative was unacceptable in 42% of choice
tasks, the diesel alternative in 51% and the hybrid in 44%. With respect to certainty, respondents were reasonably
certain about the choices they made, with an average of 7.20 (with a standard deviation of 2.22) on a scale from
Very Unsure (1) to Very Sure (10).
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4. Model Results

This section presents and compares the estimation results of two models: model 1 assumes the “power’
influence of one or more other household members on the decision of the interviewed respondent (i.e.,
M1: Zia# 1), and model 2 assumes that other household members do not play any ‘power’ role in the
decision of the respondent interviewed (i.e., M2: 1ia = 1). The estimation results are presented in Table
3. The two models are nested, and thus a log-likelihood ratio (LLR) test is used to find the statistically
better model. The LLR value of 141.4 [2x(1776.7 — 1706.0) = 141.4], with 9 degrees of freedom,
indicates that the model with power weights has a statistically superior overall fit. The final set of
random parameters were the subset (after investigating all explanatory variables) that were found to
have statistically significant standard deviation parameter estimates.
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Table 3 Summary of Mixed Logit Models

Random parameters estimated using 500 Halton draws, random parameters have an unconstrained normal

distribution, 1,880 observations

) ) M1: i #1 M2: hip =1
Variable Alternative
Parameter t-value Parameter  t-value
Mean of random parameters
Power weight parameter 6, Pet 1.483 3.28 n/a n/a
Power weight parameter 6y Die 4.642 1.21 n/a n/a
Power weight parameter &, Hyb 3.151 5.07 n/a n/a
Vehicle purchase price ($) All -0.047  -10.53 -0.040  -12.43
Annual emission surcharge ($) All -0.001 -3.82 -0.001 -4.58
Variable emission surcharge ($/km) All -0.779 -1.88 -0.636 -1.97
Age of primary decision-maker (years) Pet, Die n/a n/a -0.027 -3.25
Age of secondary decision-maker (years) Pet, Hyb 0.131 2.06 n/a n/a
Non-random parameters
Fuel price ($ per litre) All -0.742 -3.73 -0.573 -3.36
Registration ($ per annum) All -0.001 -1.93 0.000 -1.88
Fuel consumption (litres/100km) All -0.029 -1.48 -0.012 -0.80
Engine capacity (cylinders) All -0.100 -2.63 -0.080 -2.58
Seating capacity All 0.371 6.97 0.315 7.83
Primary decision-makers income ($000s) Pet, Hyb -0.001 -0.69 n/a n/a
Secondary decision-makers income ($000s)  Pet, Die 0.011 1.09 n/a n/a
Secondary decision-maker is male (1/0) Pet, Die -2.056 -2.22 n/a n/a
Household income ($000s) Pet, Die n/a n/a -0.003 -2.08
No. of driving licences in household Pet n/a n/a 0.009 2.60
Age of primary decision-maker (years) Pet, Die -0.018 -2.22 n/a n/a
Constant Pet 0.709 1.61 0.175 2.11
Constant Die -0.742 -3.73 0.152 0.35
Standard deviation of random parameters
Power weight parameter 6, Pet 0.765 4.07 n/a n/a
Power weight parameter 64 Die 3.710 1.08 n/a n/a
Power weight parameter 64 Hyb 1.148 3.02 n/a n/a
Vehicle purchase price ($) All 0.030 6.74 0.025 7.04
Annual emission surcharge ($) All 0.001 0.85 0.002 5.85
Variable emission surcharge ($/km) All 2.044 2.57 2.381 3.86
Age of primary decision-maker (years) Pet, Die n/a n/a 0.033 10.02
Age of secondary decision-maker (years) Pet, Hyb 0.197 2.94 n/a n/a
Model fit statistics
Sample size 1,880 1,880
Log-likelihood (no parameters) -2,065.4 -2,065.4
Log-likelihood at convergence -1,706.0 -1,776.7
Pseudo R? 0.174 0.140
AIC, sample size adjusted 1.843 1.908

Note: Pet = petrol; Die = diesel; Hyb = hybrid; n/a = not applicable.
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The power parameters are alternative-specific random parameters estimated as an unconstrained normal
distribution. Given equation (3), the estimated values of Ai for petrol, diesel and hybrid alternatives are
respectively 0.789 (0.118), 0.871 (0.247) and 0.932 (0.076), where the estimates in brackets are the
standard deviations. Within the sample, the range of each parameter estimate is respectively 0.237 to
0.979 for petrol, 0.0003 to 1 for diesel, and 0.304 to 0.998 for hybrid. The mean and standard deviation
for hybrid and petrol power parameters are highly significant (well above the 95 percent level of
confidence). In contrast, the mean and standard deviation coefficients associated with diesel vehicle are
not significantly different from zero. The difference in power weight coefficient estimates results in
different profiles of primary decision-makers power as shown in Figure 2. It should be noted that the
kernel density of individual power weight for the choice of diesel vehicle is not included in Figure 2 as
the corresponding coefficients are effectively zero, and the power weight of each respondent is 0.5.
That is, neither of the respondents dominate the decision when it comes to diesel vehicle choice. Figure
2 suggests that the aggregated influence of the proxy factors defining the influence of secondary
decision-maker is significant and on average accounts for about 7 to 21 percent of the power effect.
This finding aligns with other studies that have derived the influence of each household member on the
group decision using joint decision models (Zhang and Fujiwara, 2006, Zhang et al., 2002, Beck et al.,
2013). Figure 2 also suggests that the primary respondent always dominates the choice of petrol and
hybrid vehicles, but their influence varies over a wide range.

Density Kernel Density Estimates
11.85
9.48
7.11
4,74
2.37
00 T T e o LAMDA
20 30 40 50 60 70 80 90 1.00 110
—— LAMDAPET +—— LAVDAHYB

Figure 2 Distribution of power weights of the primary decision-maker

In the power weighted model, we found that the primary respondent’s choice of vehicle is significantly
influenced by the age and gender of the secondary decision-maker, with the influence of age varying
across the sample and across vehicle types. Ceteris paribus, the older the secondary respondent, the
more influence they have on the primary decision-makers choice of petrol and hybrid vehicles.
Conversely, a male secondary decision-maker reduces the primary decision-makers likelihood of
choosing petrol and diesel vehicles. There is a mix of male and female primary and secondary decision-
makers in the choice experiment, with 97% of the paired respondents in the sample have a different
gender. The results suggest that as a secondary decision-maker, females have a stronger power influence
than males. While gender of the secondary respondent matters, their income does not have a significant
impact on the primary respondent’s choice of vehicle. The income variable relates to the petrol and

10
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hybrid alternatives and not diesel, and we know that an increasing number of luxury vehicles (especially
from Europe) are diesel and affordable by individuals on higher incomes.

Mean direct elasticities with respect to the demand for three vehicle alternatives are derived and
presented in Table 4 for both models. The model with individual power weights delivers lower
elasticities than the traditional model with the use of household characteristics. Also, the average direct
elasticities are quite different across three vehicle types in model M1 while they are very similar in
model M2. The exception are the elasticities of vehicle purchase price and the variables that are
alternative-specific (individual and household characteristics). The model M1 that takes the influence
of the secondary decision-maker into account, predicts that a 10% increase in the price of a petrol
vehicle results in a 3.8% decrease in the demand for petrol vehicle, whilst the same percentage increase
results in a loss of 6.5% and 6.1% in the demand for diesel and hybrid vehicles, respectively. In contrast,
a 10% increase in the price results in an 8.8%, 9.4% and 10.6% decrease in the demand for petrol, diesel
and hybrid vehicles respectively. This suggests that models without direct regard for the influence of
other household members may over-estimate the consumer’s responses to an adjustment to the market.

Table 4 Summary of Mean Direct Elasticities

. M1: hia #1 M2: hia=1
Variable Petrol Diesel Hybrid Petrol Diesel Hybrid
Vehicle purchase price ($) -0.38  -0.65 -0.61 -0.88  -0.94 -1.06
Fuel price ($ per litre) -0.14  -0.23 -0.20 -0.34  -0.36 -0.39
Registration ($ per annum) -0.07  -0.12 -0.10 -0.18  -0.19 -0.21
Annual emission surcharge ($) -0.05 -0.08 -0.03 -0.12  -0.10 -0.08
Variable emission surcharge ($/km) -0.02 -0.04 -0.02 -0.04  -0.03 -0.03
Fuel consumption (litres/200km) -0.05  -0.07 -0.06 -0.06  -0.06 -0.07
Engine capacity (cylinders) -0.08 -0.14 -0.12 -0.21  -0.22 -0.25
Seating capacity 0.24 0.40 0.34 0.65 0.69 0.75
Age of primary member (years) Pet, Die -0.12 -0.20 0.00 0.00 -0.26 0.00
Primary member's income ($000s) Pet, Die -0.02 0.00 -0.02 n/a n/a n/a
Secondary member is male (1/0) Pet Die -0.04 -0.04 0.00 n/a n/a n/a
Age of secondary member (years) Pet, Hyb 0.21 0.00 0.13 n/a n/a n/a
Secondary member's income ($000s) Pet, Hyb 0.03 0.03 0.00 n/a n/a n/a
No. of licences in household Pet n/a n/a n/a 0.02 0.00 0.00
Household income ($000s) Pet, Die n/a n/a n/a -0.21 0.00 -0.24

Note: n/a = not applicable.

Although our main focus is on contrasting the traditional single household respondent model form (M2)
with a model that accounts for the power of the respondent and of other household members (M1), it is
informative to compare the elasticity evidence with a model in which the group choice defines the
choice outcome (MO, from Beck et al. 2013). Figure 3 provides such a comparison for four of the
attributes, the only evidence that is available from other applications of the data set. An assessment of
this additional evidence suggests that the mean elasticities for the group choice model (M0) are most
often in between the two estimates reported in Table 4. This is somewhat unexpected as a simplified
model with power-based interactions (M1) might be expected to lie somewhere in between individual
model (without power weights) (M2) and a group model (MO). A closer examination of the group choice
model form suggests a possible explanation for why this is not the case. Beck et al. (2013) do not
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include a power weight specification to allow decision-makers to have different preferences; rather they
assume that the utility of the entire group is all that matters to the final choice. In other words, model
MO implicitly assumes that the utility of the primary and the secondary decision-makers are the same
once the agreement has reached or the group has been observed to make a choice. This is similar to
assuming that the choice of the one decision-maker, particularly the primary one, can be representative
of the group choice, an assumption employed in model M2. Thus, the model without power weights
(M2) resembles the group choice model (MO) moreso than model M1 which assumes the influence of
other household members on the primary decision-makers choice. These are informative findings that
offer some clues as to the embedded power relationship present even in group choice making. This
evidence hints at a need in future research to consider incorporating and testing the influence of the
power weights for each person under the group choice making condition.

Petrol Diesel Hybrid
Variable emission
surcharge ($/km) " - !
Annual emission
surcharge ($) = - &

Fuel price ($ per
litre) ——

Vehicle purchase

— —
MO
price ($) NS

-0.2 -04 -06 -0.8 -1.0 -0.2 -04 -06 -0.8 -1.0 -0.2 -04 -06 -08 -1.0

Mean direct elasticity
Figure 3 Comparison of mean direct elasticities across model specifications

Data sources: This study for models M1 and M2, and Beck et al. (2013) for model MO.

Figure 4 provides behavioural contrasts between the two models in terms of the distribution of
difference in the estimated probability of the chosen alternative, distinguished by each of the three fuel
types. A model is considered statistically superior if it produces the higher probability of the alternative
that the decision-makers were observed to choose. Figure 4 shows that on average, the model with
individual power weights (M1) is slightly better than the traditional model without power weights (M2)
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in terms of predicting the likelihood of hybrid and petrol vehicles being selected; however, the reverse
is true for diesel vehicle prediction. Although the average difference in estimated probability of the
chosen alternative between the two models is very small, it is interesting to see the sizeable number of
choice probability differences in both the positive and negative domains, with a maximum difference
up to 28% probability points. For some observations, the model with individual power weights delivers
an absolutely better prediction of an alternative being chosen (especially hybrid vehicles) but for other
cases, it is not as good as the traditional model. This is in line with the level of significance of the
parameters associated with power weights and household characteristics shown in Table 2. That is, the
higher the statistical significance of the power weight parameters, the better the corresponding model
is in terms of the estimated probability of the chosen alternative.

Petrol Diesel Hybrid
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Note: Extreme values are marked with * (more than 3 Interquartile Range, IQR) and o (> 1.5 IQR)

Figure 4 A Box-plot distribution of difference in estimated probability between power weighting and no
power weighting

Figure 4 contrasts the two models in terms of the estimated probabilities of the chosen alternative, but
Figure 4 offers no validation of the predictive power for the second and least preferred alternatives.
This is provided in Table 6 that compares the two models in terms of their ability to replicate the
preference ranking of each alternative. The aggregate statistics suggest that the model with power
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weight (M1) is slightly better than the traditional model (M2) in preserving the rank order of the first
and second preferred alternatives but the reverse holds for the least preferred alternative where the
difference between the two models is also smallest (0.8%). Therefore, the model with power weight is
better in preserving the rank order of each alternative.

Table 6 Percentage of observations where first, second and least preferred alternatives have highest, second
highest and lowest estimated probability, respectively

With power weight Without power
Alternative (M1) weight (M2)
First preferred 51.9% 50.4%
Second preferred 40.5% 39.5%
Least preferred 53.8% 54.6%

The evidence based on this one study, however, does not suggest that the power weighted form is
unambiguously an improvement over the model in which all of the power is assumed to reside with the
primary decision maker (or respondent in data collection). There are however clear differences in the
mean direct elasticities, which is an indication of differences in behavioural response to the introduction
of reforms in energy and emissions pricing, and it is such evidence that suggests differences in market
shares when the policy variables are introduced at varying levels. Even where predictive power in
reproducing baseline shares is not totally unambiguous across the alternatives, on balance the power
weight adjusted model has much appeal and may offer insights in respect of behavioural response to
new policy initiatives that are not forthcoming under the total power condition of a single household
member. There is some intuitive plausibility in this position with new elasticities; however, we would
want to encourage evidence from a number of data sources to establish if this proposed approach has
merit in general. Whilst other data sources are able to estimate a model such as the one presented in this
paper, it is unlikely that there exists evidence from models associated with group choice making where
different members are allowed to influence the group decision differently to enable such a comparison.
But the contrast with the simple model (M2) has much merit.

5. Conclusions

This paper promotes an alternative way of recognising the relationship between members of a household
in influencing the way that an interviewed respondent chooses an alternative. Although there is merit
in treating all members of a household as endogenous players when certain choices involve more than
one person, the common absence of relevant data makes it attractive to look for other ways to recognise
the power relationship between household members. In this paper, we take a very simple reformulation
of the mixed multinomial logit discrete choice model and suggest an alternative way in which the power
relationships in a household might be accounted for. This is most relevant when the best data available
at hand are for an interviewed individual and some socioeconomic characteristics of one or more other
household members.

Although this is a behavioural simplification that may be questioned (as indeed might the treatment of
other household members as exogenous, especially in the context of purchase of consumer durables
such as automobiles), it surprisingly identifies a similar influence power of other household members
as revealed in models that endogenously account for household members involved in a joint decision.

14



A simplified and practical alternative way to recognise the role of household characteristics in
determining an individual’s preferences: the case of automobile choice
Hensher, Ho and Beck

Also interesting is the substantial difference in the estimated elasticities with respect to the demand for
different vehicle types produced by this simplified approach to modelling intra-household interactions.
While generic parameters are specified for all vehicle attributes (except for the constants), the
alternative-specific power weight parameters have scaled the generic utility function differently,
resulting in different direct-elasticities across the alternatives. The method developed in this paper can
equally be implemented with revealed preference data, although we do not see such data suitable for
the application in this paper where one alternative, the hybrid fuel source, is essentially a new alternative
(at the time of the survey it was less than one percent of the market share), and where the main attributes
of interest are not currently in place in the market.

This paper recognises that in practice the evidence on household responses to new energy and emissions
policies is typically obtained from a so called ‘representative’ member of a sampled household. The
preferences of this household member are used to construct a choice model that includes a set of
household socioeconomic characteristics, which is informative but inadequate as a measure of the
overall influence (which we call the power influence) of other household members. The evidence
presented on direct elasticities suggests that the implied assumption of total power assigned to the
household respondent should be questioned and account taken of the overall power influence of other
household members. Our evidence from one study suggests that this does change the way that a decision
that is influenced by the household impacts on the behavioural response to energy and emissions pricing
reforms in the automobile sector. We would like to see further data sets used by other researchers to
establish the extent to which these findings are generalisable to other application settings. We might
also suggest that understanding how various household members (as proxied by their socio-
demographics) interact such that a group choice is made, gives the policy maker some insights into how
influence is expressed within the household, which can in turn be leveraged for better targeted policies
or just as importantly policy communication. For example from this study, knowing that males increase
the probability of a hybrid vehicle being chosen if their female partner is the primary vehicle user, has
very real implications for those who want to encourage the purchase of alternate vehicle technologies.
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