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Abstract

The reliable prediction of the composition of the car fleet regarding age,
fuel consumption, and fuel type is important for many reasons, including en-
vironmental concerns. Models that are used for the prediction of future fleet
composition are necessary for evaluating the impacts of different policies on
the fleet and for providing policy makers with decision support.

In the first paper of the thesis, we empirically address the issue that avail-
able car alternatives in the market have more levels of detail than what we ob-
serve in Swedish car registry data, and unlike the common practice of averaging
the attributes over different versions of cars models, we correct this averaging
by taking into account the number of versions available for each model and
also their heterogeneity. We also evaluate the influence of this correction on
prediction performance of the models.

In the second paper, we focus on the prediction problem. We estimate
a multinomial logit model (MNL) to predict the market shares of new cars in
various segments in the Swedish car fleet in the short-term future. In particular,
we investigate whether or not different objectives of prediction influence model
selection. In other words, whether the question of prediction matters for model
selection.
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Sammanfattning
Prediktering av bilparkens sammansättning med avseende på ålder, bränsleför-
brukning och typ av bränsle är viktigt av många skäl, bland annat för studier av
miljömässiga konsekvenser. Modeller som används för prediktering av den framtida
sammansättningen av bilparken är nödvändiga för utvärderingar av policyåtgärder
och andra beslutsunderlag.

I avhandlingens första artikel granskar vi empiriskt förhållandet att marknadens
tillgängliga bilalternativ har fler detaljnivåer än vad som kan observeras utifrån data
från svenska bilregister. Till skillnad från det vanliga angreppsättet att medelvärdes-
bilda attributen över olika bilmodellsversioner, rättar vi till denna medelvärdesbild-
ning genom att ta hänsyn till varje bilmodells heterogenitet och antal tillgängliga
versioner. Vi utvärderar även denna korrektions påverkan på modellernas predik-
tionsförmåga.

I den andra artikeln fokuserar vi på prediktionsproblemet. Vi estimerar en
multinomial-logit-modell (MNL) för att på kort sikt prediktera nya bilars framtida
marknadsandelar inom den svenska bilparkens olika segment. Särskilt undersöker vi
om olika prediktionsmål inverkar på val av ekonometrisk modell (model selection).
Med andra ord, vi undersöker huruvida prediktering är av betydelse för val av
ekonometrisk modell.
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Chapter 1

Introduction

1.1 Introduction to car fleet and car fleet models

In recent years, concerns about environment, climate change and energy efficiency
are broadly increasing. Composition of the car fleet regarding fuel type, fuel con-
sumption, and vintage plays an important role on the environmental pollutants and
energy consumption, among others. On the other hand, car fleet composition can
be largely affected by different demographic and economic policies. Some examples
of such fuel demand management and incentive policies toward cleaner vehicles us-
age and design. Therefore, car fleet models which are able to predict future car
fleet size and composition, also sensitive to different policies are highly required to
equip decision makers with reliable tools to evaluate and compare different possible
policies.
Generally stated, a car market consists of different sectors including new, second
hand and scrappage. During each period (e.g. one year or six months) consumers
purchase new vehicles from manufactures and exchange used vehicles among them-
selves or with scrappage sector. The trading among different sectors form demand

for different types of cars. On the other hand, we have car supply which consists
of different vehicle types with different vintage. There are also so-called company
cars which enter the supply in each period. These cars are available to company
employees for their private usage and will be sold to used-car market at the end of
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their usage period.
Car prices are adjusted at equilibrium. Equilibrium is reached when supply (produc-
tion and stock) and demand (consumer and scrappage) are equal for each new and
used car in each period. Supply and demand interaction will also determine new cars
designs in long run. However, generally car fleet models assume that car designs
and prices are fixed exogenously and also ignore the used-car market. Therefore
these models will tend to over or under predict market shares (Berkovec, 1985b).
Comprehensive car fleet models should be able to model different sectors of the car
market and also their interactions in order to quantify responses of these sectors to
different possible policies. Finally car fleet models should be able to describe and
predict following items (Forsman and Engström, 2005):

• Total number of cars in the fleet,

• Market shares of different car types and vintages,

• Driven distances by different car types and vintages.

The above mentioned items lead into different components of car fleet models which
are described as follow 1,2:

Car ownership models Car ownership models, quantify number of cars owned
at aggregate level (See e.g. Tanner, 1983; Button et al., 1993) as a function of
income or GDP or number and/or type of cars owned at the disaggregate level
(household or consumer). Disaggregate car ownership models relate the effect
of car characteristics and households’ socio-demographic and socio-economic
characteristics on car demand (see e.g. Bhat and Pulugurta, 1998). Generally,
car ownership models are divided into car holding models and car transaction
models. Car holding models are defined as the likelihood that a household
will hold a particular set of cars at any given point in time. Car transaction
models describe changes in number and/or types of cars that a household

1For the extensive reviews of these models refer to e.g. De Jong et al., 2004;De Jong et al., 2001;
Tardiff, 1980;Potoglou and Kanaroglou, 2008

2For the purpose of consistency, following vocabularies are specified and used throughout this
document although the same concepts might have been used with different terms in literature
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owns De Jong and Kitamura, 2006. Most of households car ownership models
found in the literature are car holding models.

Car types models Car ownership models are usually followed by car type choice
models since car type choice is conditional on car ownership. However, some
studies deal only with car type choice (see e.g. Manski and Sherman, 1980;
Berkovec, 1985a). These models are also divided to aggregate and disaggre-
gate ones. Moreover, some studies, also, investigate the effect of attitudinal
and residential location variables (See e.g Choo and Mokhtarian, 2004; Bhat
et al., 2009 respectively). Car type choice models can be divided into two cat-
egories, car holdings models (already owned) and car purchase models (newly
purchased cars).

Car utilization models Some studies models car utilization (distance driven)
jointly with car ownership and type choice models (See e.g. Mannering and
Winston, 1985; Bhat and Sen, 2006). They argue that car type choice is not
exogenous to car usage models and there may be common unobservable factors
that affect both models.

Supply Market supply consists of new models introduced by manufactures, scrap-
ping old cars, export and import and also second-hand cars put on the market
by consumers. Each of these components can be modeled through economet-
ric models or other simple models. In the context of the car fleet, usually
scrappage models are studied. A household will scrap a car when the gained
value from scrapping that car will be more than its obtained price in the used
market. There exists few studies that deal with new technology production
models (See e.g. Berkovec, 1985b; Berkovec, 1985a) or used market (See e.g.
Schiraldi, 2011).

Some of the studies model the whole market including, demand (car ownership
and car type) and supply (scrappage and new technology production) (See e.g.
Berkovec, 1985b; Berkovec, 1985a).



1.1.1 Swedish car fleet model

Large, heavy and powerful cars have been historically popular in Swedish car fleet.
These cars are characterized by high fuel consumption and CO2 emissions. In order
to have a more fuel efficient and environmentally friendly fleet, a number of policies
targeting both demand and supply has been implemented in recent years. It should
be noted that the definition of new cars have been changed over time in Sweden
and the latest one is based on combination of fuel-type, fuel consumption, CO2
emission and environmental class of cars, furthermore, diesel cars should contain
filter for particles (for detail information refer to Swedish Transport Administration
http://www.trafikverket.se ). These efforts have been successful in increasing
number of clean cars in newly bought cars. However, the Swedish car fleet is still
the heaviest fleet in all Europe (Hugosson and Algers, 2012). Figures 1.1, 1.2 &
1.3 show total sales of new and used cars, market shares of fuel type of new cars
bought and market share of clean cars in supply in Sweden, respectively.

Figure 1.1: Total car sales in Sweden Source: Bil Sweden http://www.bilsweden.
se

In 2006, a car fleet model was developed for Swedish road administration (see
full description in Transek, 2006). This model consists of three sub-models:

http://www.trafikverket.se
http://www.bilsweden.se
http://www.bilsweden.se
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Figure 1.2: Fuel type market shares of new cars bought in Sweden, Source: Bil
Sweden http://www.bilsweden.se

Figure 1.3: Share of clean cars in supply, (reprinted from Hugosson and Algers, 2012)

• car ownership model which models total fleet size (total number of cars in the
fleet), developed by Matstoms, 2002

• car type choice model (for new cars)

http://www.bilsweden.se


• scrappage model

Car type choice sub-model is the most sensitive one to the policies aiming at
increasing number of clean cars in the market. The objective of this research project
is to improve the car type choice sub-model that is conditional on buying a new
car which is the output of car ownership sub-model. The objective of this research
project is to improve the car type choice sub-model to gain better understanding of
Swedish purchasing behavior as well as accurate prediction of their future choice. To
achieve this objective, different methodologies and richer data sources are employed
in this study. In the following section, available data sourced are described.

1.1.2 Data

To develop a car type model, we use data from different sources. On the one hand,
we have access to Swedish registry data from 2004-2012. This dataset contains some
information specific to the registration of the car (e.g. first registration date and
date for last status change), some main car characteristics such as brand, model
name, vehicle year, fuel type, weight, power and body type and some limited socio-
economic information like age, gender and home municipality of the owner. The
vehicle year is defined based on a combination of three attributes; model year, pro-
duction year and first registration date because all three attributes are not available
for all observations. Vehicle year is defined to be equal to model year if it is avail-
able, otherwise, the production year of the car and if this is not available either
then it is equal to the year of first registration date. However, this data base has
some problems as follows:

• There appears to be an ambiguous encoding of the make and model

• Some of the important characteristics of cars are missing such as price and
CO2 emission.

• Company cars can not be identified in the database

• Lack of data on household
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To gain access to additional attributes of cars, we have another source of data
provided by YNNOR AB. This dataset includes detailed information all available
cars in Swedish market 1999-2012 up to the versions of cars. Since we are interested
in new cars, these observations need to be selected. For this purpose cars that
are registered for the first time a given year but that are actually older should
be excluded. We consider that a car has been bought new in year t if the first
registration date is equal to the given year t and the vehicle year is equal to t or
t+1. Imported cars are not included in any case. This definition of a newly bought
car is slightly different from the one used in the official statistics that also counts
older cars in. We choose to exclude these older cars so that we can have a more
accurate idea about the price paid for the car.

Data matching

As described above to impute missing information like price, we need to match
supply with demand. Due to difference in level of details in two data sources,
several alternatives from supply correspond to the same observation from demand.
Therefore we need to group (aggregate) alternatives available in supply based on
vehicle-year/make/model/fuel-type since these characteristics can also be observed
from demand data. Figure 1.4 shows as an example that an observed choice from
demand (i.e. Volvo-S40-diesel) can correspond to different versions of respective
type. Therefore, these versions are grouped as an aggregate alternative which is
Volvo-S40-diesel to match with observed choice from demand.

We choose years 2006-2008 to study since supply has changed significantly
in terms of low emission and ethanol cars and also in demand side 10,000 SEK
3purchase subsidy for clean cars implemented in 2007 (see Figures 1.2 & 1.3).
Therefore, study of these years gives an opportunity to evaluate whether or not
these changes can be captured by our model. For 2006, 2007 and 2008 there are
2320, 2679 and 2981 cars available, respectively, corresponding to 45 different makes.
After selecting newly bought private cars in each year and matching it with cor-
responding aggregated supply, the resulting data sets contain 103,155, 116,344 &

3 SEK equals to 0.15 US Dollars in April 2013



Figure 1.4: Matching demand with supply

79,435 observations and 398, 397 & 401 aggregated alternatives in 2006, 2007 and
2008, respectively.

1.2 Theoretical models

A common approach in type car choice modeling is to employ discrete choice mod-
els. The study of Lave and Train (1979) was the first to employ multinomial logit
(MNL) model to estimate a car type choice model with the purpose of evaluating
transportation energy consumption policies. One of the challenges in car type choice
modeling is the large number of cars (alternatives) available to choose among. The
problem is either lack of detailed data of available car choices or computational
capacity, although the latter is not a determining factor anymore considering the
recent advances in computer technology. The common practice to deal with this
problem has been grouping alternatives into categories by some of their main char-
acteristics such as make, model ,vintage, body type and/or fuel type. Each of
these categories contains different types of the cars with the same main characteris-
tics e.g. make, model and vintage but different other characteristics such as engine
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size, power, weight and consequently different price. The alternatives included in
each category are called disaggregate alternatives. Each of these categories are rep-
resented by an alternative which characteristics are averaged over characteristics
of the cars within that category. This representative alternative is called aggre-
gate alternative. Ben-Akiva and Lerman, 1985 introduce an approach for including
aggregated alternatives in discrete choice models. However, so few studies have im-
plemented this method in practice. In the first paper in addition to measure of the
size as included in the model studied by Mabit, 2011 , we also include measure of
heterogeneity of disaggregate alternatives, as discussed in Ben-Akiva and Lerman’s
(1985) approach for aggregating alternatives. The objective is to empirically inves-
tigate whether the heterogeneity of disaggregate alternatives influences explanatory
power of models or their prediction accuracy. We estimate different discrete choice
models with different correlation structure; MNL and nesting structure and differ-
ent constants; brand constants or constants for origin country of each brand. We
estimate these model based on 2006 Swedish registry data, predict for 2007 con-
sidering the 10,000 SEK purchase policy for clean cars implemented in 2007 and
compare the predicted results of different models as well as with actual outcomes.

Based on the results of the first paper shows that including heterogeneity of
disaggregate alternatives in the model improves model explanatory power but does
not improve prediction, we define the research question of the second paper that is:
are the ’best’ explanatory models are necessarily the ’best’ ones for prediction as
well? In the second paper we analyze the prediction problem and focus on building
a multinomial logit model (MNL) to predict accurately, the market shares of new
cars in the Swedish car fleet in the short-term future. Also, we investigate whether
or not different prediction questions lead to different ’best’ models.

To do so we use feature (variable) selection and cross-validation algorithms to
improve predictive performance (Stone, 1974; Geisser, 1975; Efron and Morris, 1973;
Guyon and Elisseeff, 2003). Feature selection is an automatic way of selecting
variables to be included in the model such that the criterion which is called loss
function is optimized. This method is very useful in car type choice application
since there exists a large number of car attributes to select among as well as their



correlations and interactions. Selecting variables based only on priori knowledge
is not likely to be accurate (see e.g. the Train, 1979). Cross-validation (CV) is an
accuracy estimation method in which data is split, once or several times. Part of
the data (the training sample) is used for estimation (training), and the remaining
part (the validation sample) is used for validating the estimated results. CV selects
the models which give the smallest error over validation sample. A single data
split is called simple validation or hold-out validation, and averaging over several
splits is called cross-validation. CV improves prediction by avoiding over-fitting.
Over-fitting occurs when a model is too fitted to the available data that looses its
generality to be applied on another independent data. Interestingly, there is no
study that applies CV method in logit models in car type choice application and
to the best of our knowledge, no study uses feature selection to choose variables
to be included in the car type choice models. In this paper, we employ feature
selection and cross-validation to select the MNL model of car type choice which
provides the highest predictive performance. Considering the changes in the supply
of each year, using the supply of a given year both for estimation and validation
is not likely to give us accurate predicted results since the model might be over-
fitted to the supply of that year. Therefore, we use hold-out validation where
the validation sample is the data of consecutive year. We introduce four different
loss functions associating with different prediction questions: log-likelihood, root
mean square error for brands market share, root mean square error for ethanol
(E85)/brand market share, and total number of ethanol cars. The predicted results
of log-likelihood as a loss function are compared with those of the remaining ones.

1.3 Results & discussion

This section provides a brief summary of results of two paper as follows: In the first
paper the results show more sensitivity of individuals to price when choosing clean
cars. Also, in terms of tax, individuals are less sensitive when considering diesel
cars and more sensitive when considering alternative fuel (AF) cars compared to
conventional ones. This suggests that lower taxes for AF cars are good incentives
to buying these cars. The results also show preference over clean cars in Sweden.
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Estimated nesting parameters verifies the importance of nesting structure as well
as its appropriate structure. It can be seen Table 1.1 that in both two series of
models moving from model 1 (MNL without heterogeneity) to model 3 (NL) will
improve the model fit and log likelihood significantly increases. Also, log likelihood
increases from models with origin specific constants to the ones with brand specific
ones, showing better fit and more explanatory power of these models. On the other
hand, the results presented in Table 1.2 show poorer predicted share of ethanol
cars moving from model 1 to 3 and from models with origin specific constants to
the ones with brand specific ones.

The results presented in the second paper show that different loss functions result
in different ’best’ models. In other words it shows that different prediction questions
lead to different ’best’ models. Also, the results indicate that simple aggregation of
alternatives lead to the best predicted results which implies that, unlike estimation,
the fact that each aggregate alternative consists of several sub-alternatives do not
matter in prediction.

As an example, predicted results for market share of E85 cars are presented in
tables 1.3. It can be seen that model estimated on 2006-2007 gives poorer prediction
accuracy. Thus, our hypothesis about obtaining higher predictive performance using
the time-series data is rejected. Intuitively, this results show the sensitivity of
models to supply in that the supply of 2008 is more similar to 2007 one than to 2006,
therefore the model might be over-fitted to the supply of 2007 & 2008 and using
time series data could result in a more generalizable results. Comparing the results
of different loss function indicates the predicted results of ’best’ models obtained
from the associated loss function on 2008 data, outperform the ’best’ model resulted
from the log-likelihood as a loss-function. This can be explained by the fact that
log likelihood assigns the same weight to all alternatives and consequently gives the
overall prediction whereas in prediction we are usually interested in a sub-section of
the data e.g. E85 cars. Therefore; the objective of selecting the models with good
overall predictive performance, as in log-likelihood, is not the same as the objective
of selecting the models aiming at predicting more focused and specific question such
as total share of E85 cars.



1.4 Conclusions & future work

The results in paper I, suggest that the models that have best explanatory power
of describing new car type choice behavior might not be the ones that give more
accurate prediction of car type choice. This is concluded by the fact that including
measures of size and heterogeneity of disaggregate alternatives in addition to the
average characteristics to models, increase the explanatory power of the models or
their fitness while these models give less accurate prediction compared to the models
including only average characteristics.

The results of paper I are also supported in paper II in which variable are
selected automatically by feature selection method and based on their predictive
performance. The resulting variable sets, in best prediction models do not include
the variable accounting for measure of size. Also the result validates our hypothesis
that different prediction questions will lead to different best prediction models.
However, they do not support the hypothesis that time-series data lead to better
predicted results.

With applying the methods presented in these papers, we get closer to the
objective of accurate prediction of car fleet. Yet, there are still other issues that
need to be addressed and considered. In both papers nesting structure should
be tried and its results to be compared with available ones. Nesting structure
captures the fact that elasticities are larger among the cars belong to the same
model or fuel-type category, i.e. introduction of a new car will affect market share
of cars within the same category more than the others. This implies the violation
of the independence of irrelevance alternatives (IIA) assumption which is the main
assumption of MNL models. As discussed in Train (1977) including alternative
specific constants automatically partially correct this problem. However, in this
thesis, instead of alternative specific constants, we include either brand specific or
origin specific constants.

Additionally, for the second paper, the ’best’ acquired models need to be tested
by using possible future scenarios to gain enough confidence in the accuracy of their
prediction. Moreover, more aggregated alternatives (e.g. the choice of ethanol vs.
non-ethanol cars) can also be considered to investigate of predictive power of these
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models as well as log-likelihood as loss-function when alternatives represents the
respective sub-section.

Finally, the results presented in both papers , show the sensitivity of presented
models to supply and importance of modeling of supply side in future studies.
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1.5 Papers

Papers included in this thesis are as follows:
Paper I
Habibi, Sh., Frejinger E.R. and Sundberg M. (2012) An empirical study of aggre-
gation of alternatives and its influence on prediction: case study of car type choice
in Sweden. Presented at The 13th International Conference on Travel Behavior

Research, Toronto, Ontario, Canada, July 15-20, 2012.

Paper II
Habibi, Sh., Sundberg M. and Karlström A. (2013) An empirical study of predicting
car type choice in Sweden using cross-validation and feature-selection. Submitted

for presentation at hEART 2013 – 2nd Symposium of the European Association for

Research in Transportation, Stockholm,Sweden, September 4-6 2013.

The author of this thesis is the main contributor to these two papers.
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