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Abstract 
 
This thesis consists of two parts. The first part analyzes the accessibility, 
generation and license holding effects in car ownership models. The second part 
develops a route choice modeling framework with an attempt to address the 
differences in drivers' route choice behavior. These two parts of work are both 
based on the discrete choice theory - the car ownership models are built up on 
the standard logit model, whereas the route choice models are formulated in a 
mixed logit form. 
 
The study result of the first part shows that measuring the accessibility by the 
monetary inclusive value reasonably well captures the mechanism of the 
accessibility impact. Other accessibility proxies such as the parking costs, 
parking type and house type are correlated with the accessibility but not to a 
great extent. Both young and old households are less likely to have a car. The 
reduction of the propensity to own a car is significant for households with 
average birth year before 1920, whereas this reduction is moderate for 
households with birth year between 1920 and 1945. It is also demonstrated that 
driving license holding choice is conditional on the car ownership level choice, 
and that these two choices need to be modeled in a dynamic framework. 
 
The second part of the work investigates the performance of the mixed logit 
model using both simulated data and empirical route switching data. The 
empirical study mainly focused on the impacts of information and incident 
related factors on drivers' route switching behavior.  
 
The result shows that using mixed logit gives a significant improvement in 
model performance as well as a more sensitive explanation of drivers' decision-
making behavior. For a population with greatly varying tastes, simply using the 
standard logit model to analyze its behavior can yield very unrealistic results. 
However, care must be taken when setting the number of random draws for 
simulating the choice probability of the mixed logit model in order to get 
reliable estimates. 
 
The empirical results demonstrate that incident related factors such as delay and 
information reliability have significant impacts on drivers' route switching, 
where the magnitude of the response to the change in the delay is shown to vary 
significantly between individuals. Other factors, such as confidence in the 
estimated delay, gender, frequency of car driving and attitude towards 
congestion, also make major contributions. In addition, it is found that 
individual's route switching behavior may differ depending on the purpose of 
the trip and when the choice is made, i.e. pre-trip or en-route.  
 
Descriptors: car ownership, accessibility, logit model, route choice, 
heterogeneity, mixed logit model 
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Prologue  
 
This thesis consists of two parts. The first part is about modeling households' 
choice of car ownership with emphasis on evaluating the accessibility, 
generation and license holding effects. The second part is about modeling 
individuals' choice of route, or more specifically, individuals' route switching 
behavior, focusing on drivers' responses to information and incidents while 
addressing the randomness and heterogeneity in individuals' behavior. 
 
These two parts of the work have been carried out relatively independently, 
though they have a common theory basis which is the discrete choice theory. 
The car ownership models are built up on the standard logit model, whereas the 
route switching models are formulated in a mixed logit form. The application of 
the mixed logit model, as a further extension of the standard logit model, 
facilities the possibility of coping with the variation in individuals' responses to 
alternative attributes. 
 
In addition to a common theory basis which can link these two parts of the 
study, the choices of car ownership and alternative routes interact with each 
other as well through the congestion effect. Car ownership choice is a long term 
decision whereas route choice is made in the light of the travel conditions 
encountered.    
 
When there is no congestion, route choice can be made independently of other 
travel related choices. However, for an urban road network which is usually 
congested, the situation becomes significantly more complex, showing 
interdependence between these choices. More specifically, households' car 
ownership choice may influence the demand for car trip generation and thus the 
traffic volume on the road network. In cases when there is congestion on a 
route, the travel time on it and the usage of this route are functions of the traffic 
volume - the higher the traffic volume, the higher the travel time, and thus the 
lower is the attractiveness of the route, thereby decreasing the demand for its 
use. This may influence the travel demand for the origin-destinations connected 
by the route, which may in turn influence the demand for various transport 
modes serving these origin-destinations, which may ultimately influence the 
origin and destination demands and  thus the car trip generation, and then car 
usage and car acquisition.  
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From the modeling perspective, one way to incorporate the interaction between 
these two choices is to formulate a model structure that can integrate them. As a 
main finding of the car ownership choice models in this study, the accessibility, 
which is measured by the logsum value derived from a nested logit model with 
combined travel related choices such as destination, mode and trip generation, 
shows a significant impact on households' decision to acquire a car. Through 
this logsum value in the car ownership model, it is possible to incorporate the 
complex feedback relationships between these travel related demands. If the 
combined choice model from which the logsum variable is derived can further 
include drivers' route choice, the interrelationship between car ownership choice 
and route choice can thus be tackled.  
 
In an idealized situation, these choices need to be considered simultaneously to 
obtain the level of demands that are in balance or equilibrium, and that are 
consistent with the variable factors underlying them. Nevertheless, because of 
the scope of the project and the limitation of the time frame, the contribution of 
the present work is not on bridging these choices but rather analyzing them 
separately. It will certainly be of interest in the further studies to take into 
account the connection between them. 
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Accessibility, Generation and License Holding 
Effects in Car Ownership Models 

 
 
 
 
 
 
 
 
 





 

 

 
 





 

 

 
 
 
1 Introduction 
 
 
1.1  Background 
 
Modeling car ownership plays a significant role in travel demand forecasting. 
There has been a vast literature on it, addressing different issues and using 
different approaches. Over the past few years, great efforts have been made in 
exploring the decision-making process and identifying the dynamics in car 
ownership behavior. 
 
In Sweden, two studies performed by Jansson (1989) and Widlert (1991) are 
among these efforts. Jansson attempted to capture the dynamics of long-term 
growth in car ownership based on conventional statistic. In his study, the 
expansion of car was viewed as a consequence of both economic development 
and a diffusion process. A birth-year cohort data set was used to analyze the 
development path in car ownership over different life-cycles. The study results 
showed the variation in entering and leaving car ownership among different age 
groups and over different years. 
 
Another Swedish car ownership model formulated by Widlert is in a combined 
structure with other travel choice models for household working trip. Following 
discrete choice theory, the household car ownership decision is explained by a 
number of socio-economic factors. The inter relationship between household car 
ownership choice and other travel-related choices is taken into account through 
the logsum variable. The model is calibrated on the basis of a single cross-
sectional data. 
 
One interesting observation in the literature is the way accessibility is handled. 
Previous models have generally recognized the influence of the availability and 
the ease of travel by public transit on the choice of car ownership, and have 
mostly incorporated it via spatially defined aggregate accessibility indices such 
as residential location and density (Kitamura, 1987; Manski and Sherman, 
1980) or number of trips per capita and population in the area where household 
resides by Train (1986). These variables are not causal or explanatory in nature 
and can be only used as proxies of accessibility. Changes in them do not neces-
sarily result in changes in public transportation service levels and thus may not 
affect the car ownership levels in the anticipated way. 
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The dynamic element has been one of the focuses of the recent studies on car 
ownership behavior. This issue arises from the evolution of household’s tastes 
over time. A large number of dynamic car ownership models have been formed 
addressing the habit formation and information accumulation in the decision-
making process (Hensher and Plastire, 1985; Mannering and Winston, 1985; 
Train, 1986; Kitamura and Goulias, 1991). As another important aspect of taste 
changes, the taste variation among different generations in the population has 
been, however, generally overlooked. Although the report of OECD (1982) and 
Jansson (1989) provided some relevant findings regarding the trends for 
different age groups in a number of years, these findings are subject to the 
problems associated with using aggregate data and conventional statistic 
method. The outcomes can be combined effects of generation with other factors 
such as change in income. 
 
The household’s choice of vehicle ownership is closely related to driving 
license holdings. The more drivers there are in a household, the higher 
propensity the household has to acquire cars. Lerman (1976), Lerman and Ben-
Akiva (1976), and Kitamura (1987) included the number of licensed drivers as 
an exogenous explanatory variable in the choice equations of vehicle quantity. 
Nevertheless, the choice of vehicle quantity can both be affected and affect the 
number of licensed drivers. It is thus important to consider these two choices as 
interdependent decisions. 
 
 
1.2  Objective of the Study 
 
Based on those issues stated above, the major objectives of this work are as 
below: 
 
1. To present a conceptual and theoretical framework for identifying an 

appropriate accessibility measure and test its effect on the car ownership 
choice model empirically. 

 
2. To identify the generation effect in a disaggregate framework, which 

includes to form a longitudinal data set and to test different birth year 
periods. 

 
3. To investigate the interdependence between the choices of car ownership 

level and the number of drivers in a household. 
 
4. To gauge a more precise functional form of some variables which are 

supposed to have nonlinear contributions in the choice process of car 
ownership. 
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Through an extensive empirical investigation with rigorous hypotheses testing, 
some interesting results are expected to be achieved in relation to the above 
issues. All the models formed in this work fall into the framework of discrete 
choice theory. The empirical study is based on the data collected in various 
travel surveys conducted in Stockholm and Gothenburg in a number of years. 
 
 
1.3  Organization of Chapters 
 
The statement of the background and objectives of the study are presented in 
this chapter. The third chapter provides a brief introduction of discrete choice 
models which forms the basic theoretical ground of this study. In Chapter four, 
we review a broad spectrum of literature on car ownership models. Overall the 
literature survey will indicate several interesting issues and the limitation of the 
existing models. The fifth chapter explains the methodology used in this study 
and the general structure of the model system. In the process of explanation, 
some testable hypotheses related to those issues that this study focus on are 
derived. Chapter six gives what data are used and how they are collected and 
organized. The seventh chapter presents what variables may influence 
household’s car ownership choice. This presentation is based on a survey of 
existing studies and an analysis of possible contributing factors. The eighth 
chapter gives what variables that are included in the models formed in this 
study, as well as their functional forms and expected contributions. Chapter nine 
deals with empirical testing and discussions of results. The test on the 
transferability of Stockholm model to Gothenburg is presented in chapter ten. 
To make policy analysis, in Chapter eleven we apply the models to forecasting 
the changes in car ownership resulted by the change in income and toll for car. 
Finally, Chapter twelve summarizes the findings of this research, draws 
conclusions, and provides guidelines for further research. 



 

 

 
 



 

 

 
 
 
2 Theory of Discrete Choice Models 
 
 
2.1  Introduction 
 
With the emphasis in transportation system analysis shifting from aggregate 
models that describes large capital decisions to disaggregate models of 
individual decision-making units that underlie the transportation demand and 
supply, great efforts have been made to capture the structural, or causal 
relations, inherent in behavior at the individual level. Micoeconomic theory 
provides a way of looking at the actions of individual decision-making units, as 
well as a rich set of hypotheses concerning these actions. The available 
disaggregate data, which contains greater variation in each factor and usually 
less covariation among factors, provides the possibility to estimate disaggregate 
models. In the remainder of this chapter, an introduction of discrete choice 
models will be presented. This is primarily based on Ben-Akiva and Lerman 
(1985). 
 
Discrete choice models have been developed for examining the behavior of 
individual decision makers who can be described as facing a choice set which is 
finite, mutually exclusive and exhaustive. On the basis of concepts from 
standard economic theory of utility maximization, the decision maker would 
obtain some relative happiness or utility from each alternative and choose, of 
course, the alternative with the highest utility. That is, the decision maker n 
chooses the alternative i in the choice set Cn iff 
 
Uin > Ujn, ∀ ∈ ≠j C j in ,      (2.1) 
 
The utility depends on the characteristics of both alternative and decision 
maker. Since not all the relevant factors can be observed and be known to the 
researcher with certainty, the utility is decomposed into systematic 
(representative, observed) component, Vin, and the disturbance (random, 
unobserved component), εin. That is 
 
U Vin in in= + ε         (2.2) 
 
The disturbance term represents the uncertainty associated with the expected 
utility of an alternative. It can arise from the following distinct sources: 
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1. unobserved attributes of alternative 
2. unobserved taste variation among decision makers 
3. measurement errors and imperfect information 
4. proxy variables replacing unobservable actual attributes 
 
The randomness of utility makes the choice of alternative of the decision maker 
not deterministic. It is thus only possible to calculate the probability of choosing 
an alternative for an individual and the market share for a group of people. The 
probability for individual n choosing alternative i in Cn is 
 
P i Pr U U j C j in in jn n( ) ( , , )= ≥ ∀ ∈ ≠  

        = + ≥ + ∀ ∈ ≠Pr V V j C j iin in jn jn n( , , )ε ε  
        = ≤ − + ∀ ∈ ≠Pr V V j C j ijn in jn in n( , , )ε ε   (2.3) 
 
Different discrete choice models are obtained by specifying different 
distributions for the random components and different relationship between 
them, giving rise to different forms for the choice probabilities. The most often 
used distribution type is Gumbel (or type I extreme value) distribution, from 
which the family of logit models is derived. The Gumbel distribution can be 
defended as an approximation of normal distribution, and its density function is 
 
f e e( ) exp( )( ) ( )ε µ µ ε η µ ε η= −− − − −     (2.4) 

 
and the cumulative distribution is as 
 
F e( ) exp( )( )ε µ ε η= − − −      (2.5) 
 
where η is a location parameter and µ is a positive scale parameter.  
 
The assumption on a location parameter is no way restrictive as long as 
constants are included in the systematic utility for each alternative. The scale 
parameter, which is inversely proportional to the variance of the disturbance 
term, represents the level of uncertainty associated with the systematic utility of 
an alternative. 
 
This distribution has the following properties: 
 
1. The mode is η. 
2. The mean is η η + γ/µ, where γ is Euler constant (∼ 0.577). 

3. The variance is π µ2 26/ . 
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4. If ε is Gumbel distributed with parameters (η , µ) and V, and α > 0 are any 
scale constants, then αε + V  is Gumbel distributed with parameters 
(αη +V , µ α/ ). 

 
5. If ε1  and ε 2  are independent Gumbel distributed with parameters (η1 , µ) 

and (η2 , µ), respectively, then ε ε ε* = −1 2  is logically distributed: 
 

F
e

( )*
( )*ε

µ η η ε
=

+ − −

1
1 1 2

     (2.6) 

 
6. If ε1  and ε 2  are independent Gumbel distributed with parameters (η1 ,µ) 

and (η2 , µ), respectively, then 
 
max( , )ε ε1 2  
 
is Gumbel distributed with parameters 
 

( ln( ), )1
1 2

µ
µµη µηe +  

 
7. If ( , ,..., )ε ε ε1 2 J  is J independent Gumbel distributed with parameters 

( , ), ( , ), ( , )η µ η µ η µ1 2  ...,  J , respectively, then  
 
max ( , ,..., )ε ε ε1 2 J   
 
is Gumbel distributed with parameters 
 

( ln , )1

1µ
µµηe j

j

J

=
∑  

 
In the following a brief introduction of a number of most widely used discrete 
choice models is presented.  
 
 
2.2  The Multinomial Logit Model (MNL) 
 
In multinomial logit models the random component of the utility for each 
alternative in the choice set is assumed to be independently identically Gumbel 
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distributed. Given this assumption, the probability that a decision maker will 
choose alternative i is  
 

P i
V

Vn
in

jn
j Cn

( )
exp( )

exp( )
=

∈
∑

µ
µ

     (2.7) 

 
The scale parameter µ only sets the scale of the utility and is not identifiable in 
the multinomial logit model. The value of it can be chosen arbitrarily and is 
usually normalized to one. 
 
The multinomial logit model can be straightforwardly derived from the 
properties of the Gumbel distribution. For convenience, set η = 0  for all 
disturbances and order the alternatives so that i = 1, then 
 

P Pr V Vn n n j J jn jn
n

( ) ( max ( )
,...,

1 1 1 2
= + ≥ +



=

ε ε    (2.8) 

Define  
 
U Vn j j jn jn

n

*

,...,
max ( )= +
=2

ε  

 
From property 7, Un

*  is Gumbel distributed with parameters 
 

( ln , )1

2µ
µµe V

j

J
jn

n

=
∑  

 
Using property 4, we can write U Vn n n

* * *= + ε , where 
 

V en
V

j

j J
jn

n
* ln=

=

=

∑1

2µ
µ  

 
and ε n

*  is Gumbel distributed with parameters (0, µ). 
 
Since 
 
P Pr V Vn n n n n( ) ( )* *1 1 1= + ≥ +ε ε  

         = Pr V Vn in n n( )* *ε ε− ≤ −1 1  
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By property 5 we have that 
 

P
e

n V Vn n
( )

( )*1 1
1 1

=
+ −µ

 

         =
+

e
e e

V

V V

n

n n

µ

µ µ

1

1
*       (2.9) 

 

Substituting V en
V

j

j J
jn

n
* ln=

=

=

∑1

2µ
µ into equation (2.9) produces 

 

P e

e
n

V

V

j

J

n

jn
n

( )1
1

1

=

=
∑

µ

µ
      (2.10) 

 
In some cases, the feasible alternatives of the choice set are combinations of 
underlying choice dimensions, sharing a common element along one or more 
dimensions. Consider a choice from different combinations of travel mode and 
destination. Assume that only some observed attributes may be equal across 
subsets of alternatives, and there are no shared unobserved attributes. Then, 
following the multinomial logit model, the probability for the joint choice of a 
particular mode, m, and destination, d, can be expressed as  
 

P d m
V V V

V V Vn
d m dm

d m d m
m d Cn

( , )
exp ( )

exp ( )' ' ' '
( , )' '

=
+ +

+ +
∈

∑
µ

µ
   (2.11) 

 
This is called the joint logit model. 
 
The marginal probability of choosing a particular d from the marginal choice set 
of destination, Dn, can then be derived as 
 
P d P d mn n

m Mnd

( ) ( , )=
∈
∑  

          =
+

+
∈
∑

exp( )
exp( )

'

' '
'

'

µ
µ
V V

V V
d d

d d
d Dn

     (2.12) 
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and the probability of choosing mode m conditional on going to destination d is 
 

P m d
P m d

P dn
n

n
( )

( , )
( )

=  

              =
+

+

∈
∑
e

e

V V

V V

m M

m dm

m dm

nd

µ

µ

( )

( )

'

' '
     (2.13) 

 
where 
 
V V Vd m dm

m Mnd

' ln (exp( ) )= +
∈
∑ µ  

 
This logsum variable, Vd

' , represents the expected maximum utility of a subset 
of alternatives, and it is often referred to as the inclusive value or accessibility. 
These words are used interchangeably hereafter. 
 
From the choice probability expression of the multinomial logit model, one can 
see that only differences, not their absolute levels, in the representative utility 
are relevant to the choice probability. This is a fundamental property of the logit 
model. For a variable that does not vary over alternatives, it must be entered 
into the representative utility in a meaningful fashion. This can be performed by 
either interacting it with a variable that varies over alternatives, or by 
normalizing one of the parameters of this variable in different alternatives to 
zero. 
 
The assumption that the disturbances are independent and identically distributed 
(IID) represents an important restriction. Let ε in  and ε jn  denote the 

unobserved part of the utilities for alternative i and j (i ≠ j) in the choice set. 
Then, for logit model, ε in  and ε jn  are assumed to have the same distribution 
with the same mean and variance, and also to be uncorrelated. These 
disturbances being uncorrelated means that any unobserved factor that affects 
the utility of alternative i does not affect the utility of alternative j, i.e. there is 
no shared unobserved factors between any two alternatives. The random 
variables having the same variance means that the unobserved factors that affect 
alternative i have the same variation as the different (due to zero correlation) 
unobserved factors that affect the utility of alternative j. In the real world, these 
assumptions seldom actually hold. 
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The IIA property of multinomial logit model 
 
A consequence of the IID assumption is the property of independence from 
irrelevant alternatives (IIA). That is, the ratio of choice probabilities for two 
alternatives does not depend on any alternatives other than these two for which 
the ratio is calculated. This can be directly derived from Equation (2.7), 
 
P i
P j

e
e

n

n

V

V

in

jn

( )
( )

=
µ

µ = −e V Vin jnµ( )      (2.14) 

 
Considerable advantages can be gained by the employment of this property. 
Since relative probabilities within a subset of alternatives are unaffected by 
exclusion of alternatives not in this subset, it is possible to estimate model 
parameters consistently on a subset of alternatives for each sampled decision 
maker. This is of considerable practical importance in the case that the number 
of alternatives is large or when it is interesting in examining choices among 
only a subset of and  not among all alternatives. Besides, the IIA property also 
allows for forecasting the demand for alternatives that do not currently exist, 
using the estimated model on the currently available alternatives to calculate the 
probability of the new alternative being chosen.  
 
However, the IIA property in the logit model is a rather strong restriction. In 
many situations this condition may be violated. A well known example is the 
red /blue bus problem, where the choice probabilities can be biased. 
Nevertheless, the IIA property in logit model is not as restrictive as it might at 
fist appear. The problem arising from it can be mitigated or removed by adding 
additional variables to the representative utility. This can be achieved by the 
inclusion of alternative specific constants, as the estimated value of a constant 
in the representative utility of each alternative is that at which the average 
estimated probability for each alternative exactly equals the share of sample 
decision makers who actually chose that alternative (section 2.4 of Part I gives 
an identification of it). That is, a model estimated with alternative specific 
constants will exactly reproduce the observed shares in the estimation sample, 
indicating that the IIA property is in no sense restrictive at the aggregate level. 
 
 
Uniform cross-elasticity property of linear logit model 
 
Equivalent to the IIA property, another consequence of the IID assumption is 
that the alternatives are treated symmetrically. Because of this symmetry, 
uniform cross-elasticities is yielded for linear logit models. Elasticity is a 
commonly used means of expressing the sensitivity of demand for an alternative 
to changes in the relevant characteristic of those alternatives, which measures 
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the extent to which the probability of choosing an alternative, denoted by P, 
changes in response to the unitary change in some observed factors, xi. It is 
defined as  
 

E P x P
x

P
xi

i i

( , ) /=
∂
∂

 
 

      (2.15) 

 
When a characteristic relating to an alternative changes, the demand of that 
alternative will change, and there will also be a consequent change in the 
demand for other alternatives. The change in the demand for the alternative 
itself is measured by the direct elasticity, while the change in the demand for 
other alternatives is measured by the cross-elasticity.  
 
For a linear multinomial logit model, the direct elasticity is as 
 
E P x P xi i i i i( , ) ( )= −1 β      (2.16) 
 
and the cross-elasticity is as 
 
E P x x Pj i i i i( , ) = −β       (2.17) 
 
The fact that equation (2.17) does not depend on j means that all of the 
alternatives have the same cross-elasticity with respect to the characteristic of a 
specific alternative. This is difficult to justify in practice. However, this 
property applies only to single individual. Other individuals, who will have 
different Pj values and perhaps different xj values, may have different cross-
elasticities. There thus may be considerable variation in the elasticities for a 
population of different individuals. This indicates that the uniform disaggregate 
cross-elsticities need not hold at the aggregate level either.  
 
As has been demonstrated above, the multinomial logit model has a simple and 
elegant closed-form mathematical structure, making it easy to estimate and 
interpret. However, it is saddled with the independence of irrelevant alternatives 
property at the individual level, which imposes the restriction of equal cross-
elasticities. 
 
In addition, the value of each characteristic placed by the decision makers can 
vary over the population. The taste variation of decision makers can arise from 
some observable or identifiable factors or something random. Logit models can 
capture taste variations, but only within limit. In particular, tastes that vary 
systematically with respect to observed variables can be incorporated in logit 
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model, while tastes that vary with unobserved variables , or purely randomly, 
cannot be incorporated. In such case, a more general model form is required. 
 
The rigid inter-alternative substitution pattern of the multinomial logit model 
can be relaxed by removing, fully or partly, the IID assumption on the random 
components of the utilities of the different alternatives. This can be performed 
in one of the following three ways (Bhat, 1995):  
 
1. allowing the random components to be non-identical and non-independent;  
2. allowing the random components to be correlated while maintaining the 

assumption that they are identically distributed;  
3. allowing the random components to be non-identically distributed, but 

maintaining the independence distribution.  
 
Following these three relaxations, another three types of discrete choice models 
are derived. They are the multinomial probit model, the nested logit model, and 
the heteroscedastic extreme value model. In the next section, only an 
introduction of the nested logit model is provided, which is most relevant to the 
present study. 
 
 
2.3  The Nested Logit Model 
 
For a multidimensional structure of the choice set, the multinomial logit model 
can not cope with the case where there are shared unobserved as well as 
observed attributes. In such a situation, the IID assumption cannot hold any 
longer because of the correlation between subsets of alternatives. Instead of 
fully relaxing this assumption as in the probit model, the nested logit model 
allows partial relaxation of the assumption of independence among random 
components, using identical, non-independent random components. The 
distribution of random components in the model is specified to be Gumbel, as it 
nests the multinomial logit.  
 
We use the mode and destination choice as an example. The total utility of a 
multidimensional choice is as 
 
U V V Vdm d m dm d m dm= + + + + +ε ε ε    (2.18) 
 
The involvement of ε d  and ε m  , which are the unobserved components of the 
utility associated with the destination and mode respectively, leads to the 
utilities of the alternatives being not independent. 
 
The nested logit model can be derived based on the following assumptions: 
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1. Either ε d  or ε m  is small enough in magnitude that it can be negligible (in 

the following description, it is assumed that var( ε m ) = 0).  
2. ε d  and εdm are independent for all d Dn∈  and m Mn∈ . 
3. The terms εdm are independent identically Gumbel distributed with scale 

parameter µ m . 
4. ε d  is distributed so that max

m M dm
nd

U
∈

 is Gumbel distributed with scale 

parameter µ d . 
 
Then, the marginal probability of choosing destination d is 
 
P d Pr U U d D d dn m M dm m M d m n

nd nd

( ) ( max max , , )
'

'
' '= ≥ ∀ ∈ ≠

∈ ∈
 (2.19) 

            
By assumption 3, the term 
 

[ ]max
m M m dm dm

nd

V V
∈

+ + ε  

 

is Gumbel distributed with parameters ( ln , )( )1
µ

µµ
m

V V

m M

me m dm
m

nd

+

∈
∑ . 

Thus, the equation (2.19) can be rewritten as  
 
P d Pr V V V V d D d dn d d d d d d d d n( ) ( , , )' '

'
'

'
' ' '= + + + ≥ + + + ∀ ∈ ≠ε ε ε ε  

 
where  
 

V ed m
V V

m M

m dm
m

nd

' ( )ln= +

∈
∑1

µ
µ      (2.20) 

 
The new disturbance term, ε d

' , is 
 

[ ]ε εd m M m dm dm d
nd

V V V' 'max= + + −
∈

 

 
and is Gumbel distributed with scale parameter equal to µ m . The combined 
disturbance, ε εd d+ ' , is by assumption Gumbel with a scale parameter µ d . 
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The following steps of deriving the choice probability of the nested logit model 
are analogous to the one of the multinomial logit model, which produces 
 

P d e

e
n

V V

V V

d D

d d
d

d d
d

n

( )
( )

( )

'

' '
'

'

=
+

+

∈
∑

µ

µ
     (2.21) 

 

Substituting V ed m
V V

m M

m dm
m

nd

' ( )ln= +

∈
∑1

µ
µ  into equation (2.21), we get 

 

P d e

e
n

V e V V

V V

d D

d
d

d

m
m dm

m

m M d

d d
d

n

( )

ln ( )

( )' '
'

'
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∑+ +

+

∈

∈

∑

µ
µ

µ
µ

µ
    (2.22) 

 
The difference between this formula and the one for the joint logit model is that 
the inclusive value in the nested logit model is multiplied by a parameter 
1 / µ m , implying that there are different scale parameters for the two levels of 
choices. If the scale parameters for the two levels are equal, the nested logit 
model will collapse to the multinomial joint logit model. Note that only the ratio 
of these two scale parameters can be identified from the data. Recall that the 
variance of a Gumbel variant is inversely proportional to the square of its scale 
parameter, then 
 
µ
µ

ε
ε ε

d

m
dm

d d
=

+
var( )

var( ) var( )'  

       =
+

var( )
var( ) var( )

ε
ε ε

dm

d dm
     (2.23) 

 
 
The derivation of the conditional choice probability is straightforward. Suppose 
destination d has been chosen, then the probability of choosing mode m 
conditional on it can be expressed as  
 
P md Pr U U m M m mdn dm dm nd( ) ( , , )'

' '= ≥ ∀ ∈ ≠  chosen  

              
= + + ≥ + + ∀ ∈ ≠Pr V V V V m M m mdm dm dm m dm dm nd( , , )' ' '

' 'ε ε  chosen  
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The components of the total utility attributable to Vd  and ε d  can be omitted 
because they are constant across all the alternatives in Mnd. Since the 
disturbance term  satisfies the assumptions of the multinomial logit model, the 
conditional choice probability can be written as  
 

P m d e
e

n

V V

V V

m M

m dm
m

m dm
m

nd

( )
( )

( )

'

' '
=

+

+

∈
∑

µ

µ
     (2.24) 

 
The nested logit model has also a closed form solution. It is relatively simple to 
estimate, and is more parsimonious than the multinomial probit model. 
However, it requires a priori specification of homogenous sets of alternatives 
for which the IIA property holds. The number of different structures to estimate 
in a search for the best structure can increase rapidly as the number of 
alternatives increases. Besides, the assumption that the variance of the 
disturbance along one dimension is negligible is a rather strong restriction. 
 
 
2.4  Estimation Technique 
 
There are a number of approaches of finding estimators that have desirable 
properties. The most often used methods are maximum likelihood and least 
squares. The maximum likelihood estimation is probably the most general and 
straightforward procedure for finding estimators, and is also the one widely 
used in estimating discrete choice models. In the remainder of this section, a 
brief introduction of this estimation method will be presented.  
 
Consider a sample set which consists of N independent decision makers. The 
probability of each person in the sample choosing the alternative that he was 
observed actually to choose is  
 

L P in
i Cn

N

n

in* ( )=
∈=
∏∏ δ

1

      (2.25) 

 
where δin is one if person n chooses alternative i from the choice set Cn, and 
zero otherwise. This expression is simply the probability of each person’s 
chosen alternative multiplied across all people in the sample. 
 
Each Pin in expression (2.25) is a function of parameters, β, and the observed 
data, x. The maximum likelihood estimator of β is the one that maximizes L*, 
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that is, that gives the highest probability that the sampled decision makers 
would choose the alternative that they actually did choose. 
 
Rather than dealing with the likelihood function itself, it is usually easier to 
maximize the log of the likelihood function. Since the log operation is strictly 
monotonically increasing, the value of β that maximizes L* will also maximize 
the log of L*. This log likelihood function, denoted by L, is written as  
 

L P iin
n

i Cn

N

=
∈=
∑∑ δ log ( )

1

     (2.26) 

 
Note that L* is a probability and consequently cannot exceed one, L is thus 
always negative. 
 
The parameter that maximizes L must satisfy the first-order condition. 
Nevertheless, this condition is not sufficient to guarantee a maximum solution, 
as L can be convex at this evaluated parameter. Therefore, the Hessian matrix, 
∇2 L , needs also to be checked and to be negative semidefinite. For a non-
globally concave likelihood function, the global maximum solution will be the 
one that gives the greatest likelihood value among those local maximums. 
 
Taking a multinomial logit model as an example. Recall the choice probability 
for it with linear-in-parameter and scale parameter equal to one 
 

P i e

e
n

x

x

j C

in

jn
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∈
∑

β

β
      (2.27) 

 
The log likelihood function for the multinomial logit model can then be written 
as  
 

L x ein
in

x

j Ci Cn

N
jn

nn

= −
∈∈=
∑∑∑ δ β β( ln )' '

1

    (2.28) 

 
To maximize L with respect to β k , we take the derivative of L with respect to 
β k  and equate it to zero, and solve for β k  
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 = 0    (2.29) 

 
It has been shown that, under relatively weak conditions, L in equation (2.29) is 
globally concave. Thus, if a solution to equation (2.29) exists, it is unique. 
 
Equation (2.28) can be rewritten as 
 

δ in
ink

i Cn

N

n ink
i Cn

N

x P i x
n n∈= ∈=

∑∑ ∑∑=
1 1

( )     (2.30) 

 
Multiply equation (2.30) by 1/N, produces 
 
1 1

1 1N
x

N
P i xin

ink
i Cn

N

n ink
i Cn

N

n n

δ
∈= ∈=
∑∑ ∑∑= ( )     (2.31) 

 
The expression in (2.31) indicates that the average value of a variable in the 
chosen alternative is equal to the average value predicted by the estimated 
choice probabilities. In particular, if we maximize the likelihood with respect to 
the alternative specific constant ( xink  is 1 for the chosen alternative, and 0 
otherwise), we get  
 
1 1

1 1N N
P iin

n

N

n
n

N

δ
= =

∑ ∑= ( )      (2.32) 

 
That is, the estimated value of the alternative specific constant by maximizing 
the log likelihood function is the one which equates the average probability of 
each alternative with the share of sample choosing that alternative. 
 
Under general conditions, the maximum likelihood estimator is consistent, 
asymptotically normal and asymptotically efficient with the variance given by 
∇2 L . 
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2.5  Goodness of Fit 
 
With the estimation of more than one specifications it is useful to compare 
goodness-of-fit measures. Everything else being equal, a specification with a 
higher value of the likelihood function is considered to fit the data better. It is 
more often to compare the likelihood ratio index (rho-squared) 
 

ρ β2 1
0

= −
L
L
( )
( )

      (2.33) 

 
where L( )β  is the log likelihood value with the estimated parameter, and L(0) 
is the value when all parameters are set to be zero. This index measures how 
well the model with the estimated parameters performs compared with a model 
in which all parameters are zero which is usually equivalent to having no model 
at all).  
 
If the estimated parameters do no better, in terms of the likelihood function, 
than zero parameters, then L(β) = L(0) and so ρ 2 = 0. This is the lowest value 
that ρ 2  can take. At the other extreme, suppose the estimated model was so 
good that IT fits the data perfectly. In this case, the likelihood function at the 
estimated parameters will be one, and the log likelihood value will be then zero. 
ρ 2  will then reach its highest value, one.  
 
The likelihood ratio index has no intuitively interpretable meaning for values 
between the extremes of zero and one. There are no general guidelines for when 
a ρ 2  value is sufficiently high. In comparing two models estimated on the same 
data and with the same set of alternatives ( such that L(0) is the same for both 
models), it is usually valid to say that the model with higher ρ 2  fits the data 
better. Two models estimated on samples that are not identical or with a 
different set of alternatives can not be compared via their likelihood ratio index. 
 
 
2.6  Hypothesis Testing 
 
A model with good fit to the data does not necessarily mean an adequate model, 
and additional procedures are required in determining the specification of a 
model. Apart from some informal judgments based on a priori knowledge of the 
phenomenon being modeled, some statistical tests can be used to examine 
alternative hypotheses on the specifications of explanatory variables in the 
utility function. 
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Asymptotic t test 
 
This test is used primarily to test whether a particular parameter in the model 
differs significantly from zero or some other known constant. For a parameter 
βk which is normally distributed with variance σk, the hypotheses need to be 
tested such as 
 
H k k0: *β β=  
H k k1:

*β β≠  
 
where H0 denotes the null hypothesis, H1 denotes the alternative hypothesis, and 
β k

*  denotes the known constant. 
 
If β N  is a normally distributed vector with K entries β Nk , and N denotes the 
sample size, then statistic β σNk Nk/  is generally t distributed with N - K 
degrees of freedom. For a given significance level α, the critical region (i.e., the 
values of β Nk  for which H0 is rejected) for this statistic can be constructed as 
 

Pr t tN K
Nk

Nk
N K− − −≤

−
≤









 = −, /

*

, /α α
β β

σ
α2 1 2 1    (2.34) 

 
where t N K− , /α 2  and t N K− −, /1 2α  denote the α/2 and 1 - α/2 cumulants of the t 
distribution with N - K degrees of freedom respectively. This yields a critical 
region of  
 
β β σαNk N K Nkt− ≥ −

*
, /2      (2.35) 

 
If the estimated parameter belongs to this region, the null hypothesis is rejected. 
That is, the estimated parameter is significantly different from the known value. 
 
Using the covariance matrix information, which can usually be provided by the 
estimation program (e.g. Alogit), it is also possible to calculate the statistic for 
an asymptotic t test of linear relationship among parameters, e.g. whether two 
parameters differs significantly from each other. This statistic can be 
constructed as 
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β β
β β

1 2

1 2

−
−var( )

      (2.36) 

 
Here, var( )β β1 2−  has different expressions in different situations. If the two 
parameters are in the same model, then 
 
var( ) var( ) var( ) cov( , )β β β β β β1 2 1 2 1 22− = + − ,  
 
while if the two parameters are in different models, then 
 
var( ) var( ) var( )β β β β1 2 1 2− = + . 
 
 
Likelihood ratio test 
 
A likelihood ratio test is a very general test that is often used when the model 
under the null hypothesis which imposes one or more linear restrictions on the 
unrestricted model. Two of the most common such hypotheses are (1) two or 
more parameters being jointly equal to zero (2) two or more parameters being 
equal to each other. 
 
Let LU and LR denote the value of the log likelihood function at its  maximum 
for the unrestricted and restricted models, KU and KR denote the number of the 
estimated parameters in the unrestricted and restricted models. KU - KR is thus 
the number of independent restrictions imposed on the parameters in computing 
LR.  
 
The test statistic for the null hypothesis that the restrictions are true 
 
-2(LU - LR) 
 
is asymptotically χ 2  distributed with (KU - KR) degrees of freedom. If this value 
exceeds the critical value of chi squared with appropriate degrees of freedom at 
a certain significance level, then the null hypothesis will be rejected. 
 
The likelihood ratio test is performed by comparing two estimation runs. To test 
the hypothesis that the coefficients of several explanatory variables are zero, the 
model needs to be estimated twice: once with these explanatory variables 
included and a second time without them. Observe the maximum value of the 
log likelihood function for each estimation. Compare the test statistic with the 
critical value of chi-squared with degrees of freedom equal to the number of 
explanatory variables excluded from the second run. It is similar to test the 
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hypothesis that the coefficients of several variables are equal. The only 
difference is to estimate model twice like this: once with each of these variables 
having separate parameter; then replacing these parameters with one single 
parameter. 
 



 

 

 
 
 
3 Overview of Existing Car Ownership Models 
 
 
3.1  Introduction 
 
This review summarizes and assesses some existing car ownership models. The 
emphasis has been placed on several issues including the nature of the car 
ownership being modeled, structure and methodology approach of model, data 
used in estimation, and explanatory variables entering models etc.. 
 
Previous studies are first classified into several categories along the 
methodology line. Within the category of discrete car ownership choice models, 
the relevant studies are further classified into several overlapping and 
interrelated topics addressing the focus for most of the works. 
 
 
3.2  Aggregate Car Ownership Forecasting Models 
 
 
3.2.1  Time-Series Extrapolation Models 
 
Studies contained in this category attempted to forecast long-run trends of car 
ownership at the national level or local level. Aggregate time-series data were 
employed for calibration. A widely used approach is the TRRL extrapolation 
method, pioneered by Tanner (1977) fitting the trend of car ownership demand 
as a logistic curve. Button (1980) and the report of OECD Road Research group 
(1982) provided a comprehensive description and review of this type of models. 
 
The report of OECD Road Research group summarized this type of models by 
the basic form as follows, 
 

Ct  =  S
k
m

at
n

n m(1  (1 ) )+ + −
           with all parameters > 0 (3.1) 

 
where Ct  is the car ownership level at time t; S is the saturation level; k, m and 
n are parameters that decide the shape of the curve; a is a constant. 
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Various forms of extrapolation models can be derived given different values of 
m and n: 
 
 Logistic:   m = 1,  n = ∞  
 Gompertz:   m = ∞ ,  n = ∞  
 Power:   m = 1 
 Generalized logistic:   n = ∞  
 
In these models, with the saturation level fixed as constant, time is assumed to 
act as a surrogate for the multiplicity of social and economic factors influencing 
car ownership levels. This assumption can hold only if the relationship between 
time and the real causal influences remain substantially the same in the future as 
it was in the past. Since no other variables except time entered the model, 
neither the effects of changes in transport related policies nor the influences of 
economic variables can be evaluated. This largely limits the usefulness of this 
approach. 
 
 
3.2.2  Aggregate Economic Models 
 
Rather than taking time as the only explanatory variable, Button et al (1992, 
1993) related car ownership to a set of causal variables. Using quasi-logistic 
approach, this model can be depicted as 
 

P S
e X X Xa b b

n
bn

 =  
1 1 2

1 2+ − − − −...
    (3.2) 

 
where P is the car ownership level per capita; S is the saturation level; X1 , X 2 , 
... X n  is a set of socioeconomic variables; and a and b are parameters. 
 
Although these studies, by including socioeconomic variables, made a step 
forward compared with extrapolation models, they are still subject to some 
common problems of aggregate models. First of all, these models were 
developed on time-series aggregate data, which can result in loss of important 
information. Besides, these models simply rely on correlation between one or 
two variables and car ownership rather than a strong causal theory, and non of 
them can incorporate in a behaviorally consistent way the interaction of the way 
in which households choose the number of cars they own and the other 
transportation-related decisions they make. Car ownership forecasting is thus 
actually treated outside the transportation forecasting cycle. 
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3.2.3 The Swedish VTI Model 
 
The Swedish VTI (Swedish Road and Traffic Research Institute) car ownership 
forecasting model developed by Jansson (1986, 1989) focused on the diffusion 
process in car ownership. The model was calibrated on longitudinal cohort data 
which covered the period of 1975 to 1984, each cohort consisting of all males or 
females born in a particular year.  
 
Despite the fall in actual disposable income and the rise in fuel price during 
1977 to 1982 in Sweden, the car ownership continued to grow. Jansson 
attributed this phenomenon to the diffusion process in car demand. The 
diffusion process was divided into vertical diffusion and horizontal diffusion. 
The vertical diffusion corresponded to a genuine change in taste of different 
generations, and the horizontal diffusion corresponded to the population 
turnover effect. Jansson attempted to demonstrate the diffusion process by 
studying the car ownership development path over the life-cycle of individuals 
of a particular generation and by comparing the development paths of different 
generations, The entry propensity (the ratio of the number of persons entering 
car ownership during a particular year to the number of persons with no car at 
the end of the previous year) and exit propensity (the ratio of the number of 
persons leaving car ownership during a particular year to the number of car 
owners at the end of the previous year) of different birth-year cohorts for male 
and female were introduces to represent their taste of car ownership and were 
taken as the primary dependent variables. A simulation was also performed to 
make forecasts of car ownership with regard to age in the future under the 
hypothesis that the entry/exit propensity remained constant.  
 
The study results showed that the entry propensity of men was considerably 
higher than that of women at all ages, and the female exit propensity was 
consistently higher than the male one. For both sexes young people had the 
greatest propensity to change status with regard to car ownership in both 
directions. It was also found that the entry propensity had actually fallen in the 
period 1977-1982, which was supposed to be the response to the slightly 
decreasing disposal income and rising fuel prices. 
 
Although cross-section analysis and longitudinal cohort analysis were combined 
to make the propensity study, the object of the study is the average behavior of 
all individuals of particular birth-year cohorts and the study was based on 
aggregate data and conventional statistic analysis. The variation of propensity 
with respects to age and generation are thus correlated with some other 
socioeconomic factors such as, as also being pointed out by Jansson, income 
and fuel price. Hence, the true dynamics in car ownership, i.e. the change in 
taste, is not possible to be captured. In addition, the simulation made in the 
study only illustrated the horizontal diffusion process, it would be interesting 
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but difficult to incorporate the vertical diffusion in the forecasts of car 
ownership.  
 
 
3.3  Discrete Car Ownership Choice Models 
 
Discrete car ownership choice models differ from previous aggregate ones 
primarily in revealing decision-making behavior, rather than the correlative 
relationships that characterized most of the aggregate studies. Based on discrete 
choice theory, the decision-making behavior is postulated to be a process of 
maximizing utilities, which is a result of trade-off between the costs and 
benefits perceived to be associated with transportation-related activities. The 
usage of disaggregate data, which allows for variation of variables across data 
sample, makes it possible to estimate the effects of contributing factors. 
 
 
3.3.1  Models of Car Ownership Level 
 
Models contained in this group explain only household's choice of fleet size. A 
series of multinomial logit car ownership models have been developed and 
refined by Burns et al (1976) and Golob and Burns (1978). Bunch and Kitamura 
(1989) formed, rather, a probit car ownership model. 
 
In both of the studies of Burns and Golob, households were sorted into three 
choice-constraint segments based on the maximum feasible number of vehicles 
1, 2, and 3+, in the belief that households faced with different choice sets weigh 
the costs and benefits associated with the choices differently. Golob and Burns 
(1978) also estimated separate models for different segments stratified by socio-
demographic characteristics, with attempt to identify different sensitivities in 
the choices of various groups in society. 
 
In their studies, the total utility of an alternative was decomposed into the utility 
of individuals traveling by exclusive use of car and the utility of individuals 
traveling by alternative transport mode. Each individual trip maker was 
assumed to maximize their utility independently, and the household utility 
maximization is not necessarily achieved. Cross-sectional data from 1965 
household home-interview survey was used in the estimation. Apart from 
variables such as household disposal income1, annual costs of owning and 
operating a car (assumed to be independent of the number of trips), non-travel 
time, and the number of trips, their studies explicitly took account of the 

                                                      
1 Disposal income is calculated by subtracting estimated taxes from 
respondents’ reported gross income. 
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influence of characteristics of the transportation system. Travel time from 
household location to accessible destinations by car and by alternative 
transportation mode, and attractiveness of accessible destinations were included 
in the model.  
 
A number of issues arise in their studies. First of all, separate models were 
estimated for stratified segments, which makes these studies not fully 
disaggregate. Second, the assumption that individuals in a household maximize 
their utility independently is rather restrictive. A negotiation between family 
members in order to maximize the utility of the entire household is more 
consistent with the reality. Third, car competition should be considered rather 
than assuming that household members travel by exclusively using a car or by 
alternative mode. Fourth, it will be more appropriate to consider trip frequency, 
destination choice and mode choice as endogenous to the car ownership choice. 
The last problem is that quite few parameters were estimated in their models. 
 
Bunch and Kitamura (1989) developed a multinomial probit model of car 
ownership level. A panel data set from Dutch National Mobility Panel Data 
Survey was used with a motivation to extend the present cross-sectional 
analysis to a longitudinal one later. The indirect utility was expressed as a 
function of income2, number of trips, and accessibility index. The accessibility 
index was measured by inclusive prices obtained from a set of multinomial logit 
destination choice model. The interdependence between car ownership behavior 
and other transport related choices is thereby accommodated. Nevertheless, the 
appearance of probit model in car ownership modeling is very limited due to its 
computational difficulties. 
 
 
3.3.2  Models of the Number of Cars and Composition 
 
Lave and Train (1979) developed a multinomial logit vehicle type choice model 
for new car buyers. A stratified random data sample collected in 1976 was used 
which consisted of an equal number of households who had purchased small, 
medium and large vehicles. Makes and models were grouped into ten classes 
based on the calculated average size/price, vehicles within each class were 
relatively homogeneous in size and price. Households were described to make a 
choice among these classes rather than among individual makes and models. 
 
Obviously, the choice of vehicle type is related to the number of vehicles 
household owns. The number of vehicles that a household owns conditions the 
                                                      
2 It is the total income subtracting the average cost of car ownership and the 
subsistence expenditure, which are assumed to be linear functions of the 
number of cars and the number of household members 
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value the household places on vehicle characteristics when choosing among the 
available vehicle types. Conversely, the types of vehicles that the household 
chooses to own will also affect its choice of vehicle quantity. The 
interdependence between these two choices has been generally recognized in 
the studies of vehicle type choice. 
 
Lave and Train took account of the relationship between the choices of fleet 
size and composition by introducing the number of cars as an explanatory 
variable, reflecting the idea that household with more than two cars had a higher 
preference of purchasing a small car than other households with fewer vehicles. 
The number of miles driven by household also entered the model with 
implication that households driving extensively have an incentive to purchase 
vehicles with low operating costs. Other than the above two factors, explanatory 
variables representing household characteristics, vehicle characteristics, and 
environment entered the utility functions are those such as income, education, 
age, family size; car price, m.p.g., horsepower, interior size, weight; local price 
of gasoline. These variables were included into the utility function either 
directly or in interaction terms, reflecting the taste variation among households 
with different socioeconomic characteristics. For example, the vehicle attribute, 
auto cost, was transformed into auto cost/income, with the belief that low 
income households may perceive the auto cost in a quite different manner from 
high income households. 
 
Manski and Sherman (1980) explained the choice fleet composition conditional 
on the number of vehicles household holds. Separate models were estimated for 
one and two-vehicle households, allowing the value of each vehicle 
characteristic to vary over households with different number of vehicles. Instead 
of modeling only new car buyers as did Lave and Train, their study considered 
households of both changing and retaining current holdings. Household was 
assumed to yearly evaluate its current holding of vehicles and to decide whether 
any change should be made. The dynamic element was captured by a 
transaction cost.  
 
The choice set composed of the household’s chosen alternatives plus 25 other 
alternatives chosen at random from the 600 vehicle-types actually available. 
The data source was from Survey Research Center’s 1976 winter survey. The 
coefficient for transaction cost was estimated separately from an other data 
source. The utility was assumed to be a function of vehicle seating capacity, 
luggage capacity, weight, acceleration time, noise level, scrappage probability, 
price, operating cost and transaction cost. Household size, age, education, 
relative income3, number of workers, and residential location were the variables 
                                                      
3  Relative income is household income divided by the middle level budget 
normalized for household size and location. 
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that entered the utility function. The transaction costs were represented by a 
dummy variable which took the value zero for vehicles currently owned by 
household and one for all vehicles obtainable on the market. 
 
The large variety of explanatory variables included in the above two studies 
makes it possible to explore the consequences of alternative policies. However, 
vehicle quantity and vehicle usage were treated as predetermined exogenous 
with no explanation and prediction. Another unsolved dilemma concerns the 
handling of individual makes and models. The IIA property of multinomial logit 
model may be violated because of the correlation of unobserved factors across 
vehicle types. 
 
Berkovec and Rust (1985) and Train (1986) addressed the question of 
makes/models versus classes and specified models that incorporate both 
concepts in a nested logit structure. It was assumed that makes and models 
within a class are similar in unobserved factors, such that IIA applies for any 
pair of makes and models within a class, but not for makes and models in 
different classes. Under this assumption, the choice of make and model can be 
described as a choice of the class of vehicle followed by a choice of make and 
model within the chosen class.  
 
Train developed a model system assuming that households simultaneously 
chose the number of vehicles to own, the type of each vehicle, and miles 
traveled in each vehicle. Considering the large number of individual makes and 
models, Train only forecast the demand for vehicle classes without estimating 
the choice probability of make/model conditional on a given class. The 
inclusive value from the make/model choices for each vehicle class was 
approximated, following a result by McFadden (1978), with variables relating 
to the number of makes and models in the class and the variance of 
characteristics over the makes and models. 
 
Berkovec and Rust constituted, rather than relying on approximation, a fully 
estimated model of make/model choice by single vehicle households. Vehicles 
were classified into fifteen age-size categories based on the similarity in vehicle 
characteristics. Within each chosen class, households were offered a choice set 
consisting of the chosen vehicle plus 14 other vehicles, which were chosen at 
random from the vehicles in the class. 
 
The data used was from June 1978 CSI home interview survey which contained 
standard socio-economic data as well as information about vehicle holdings in 
June 1977 and June 1978. Vehicle characteristics relating to vehicle costs, 
capacity and performance were included which involved vehicle purchase price, 
gasoline cost per mile, number of seats, turning radius, horsepower to weight 
ratio, the age of the vehicle, and vintage and manufacture effects. Some of these 
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vehicle attributes entered in interaction terms with household characteristics 
such as income, household size, age, and household location. For instance, the 
number of seats interacted with household size on the assumption that interior 
space seating room is more desirable for larger household; and the square root 
form of this variable was used to allow for declining marginal utility; Turning 
radius interacted with the area in which household was living considering that 
exterior size is an undesirable trait in urban areas due to parking difficulties, 
whereas it may be desirable in rural areas due to the improved safety and ride 
quality of larger cars. The transactions was represented by a dummy variable 
which gives value one if the currently held vehicle was owned last year and 
zero otherwise. 
 
Note that Manski and Sherman (1980), Train (1986), and Berkovec and Rust 
(1985) all recognized the inter-temporal nature of car ownership decision. Their 
attempts to introduce elements of dynamics by introducing a dummy variable to 
represent transactions were, however, somewhat rude. Besides, these studies 
treated fleet size adjustment as a known outcome, stratifying data on the number 
of vehicles owned in order to concentrate on vehicle type choice.  
 
Hensher and Plastrier (1985) solved these problems by modeling vehicle choice 
as a dynamic optimal selection and replacement of automobiles, and estimating 
the joint decision of fleet size and type holdings and adjustments in a nested 
structure. 
 
The household vehicle choice behavior was assumed to follow the first-order 
Markov process, whereas household’s current decisions are directly influenced 
by the most recent previous decisions and are only indirectly influenced by 
decisions earlier than the previous one via their influence on the subsequent 
decisions. The initial base level of holdings was assumed to be explained by the 
contemptuous base level socioeconomic and vehicle-specific attributes. The 
adjustment decisions were linked by two measures of inter-temporal 
interdependence. The first linkage variable was the prior occupancy of state, i.e. 
the choice outcome in the immediately preceding period. The second one was 
an index of accumulate experience which accounted for information 
accumulated from previous evaluation of the status. This index was obtained by 
integrating the joint probability of vehicle selection in the base holding models 
and the previous adjustment models. 
 
The model was estimated on a full scale longitudinal panel consisting of 5 
annual waves of data, which were collected retrospectively back from 1980 in 
Sydney. The static base year vehicle type holdings were postulated to depend on 
vehicle attributes such as vehicle costs, passenger and luggage carrying 
capacities, seats in excess of number of passengers normally carried, and 
vehicle weight. The utility of fleet-size was assumed to be a function of 
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household characteristics such as the gross household annual income; variables 
representing multiple decision-making units4 such as the number of decision 
units in household, proportion of decision units who are drivers, and ratio of 
vehicles to decision units; life-cycle stages such as married with and without 
children; and public transport characteristics represented by number of bus 
routes and distance of residence to public transit. Variables reflecting car 
competition were also considered by including variables such as the ratio of 
vehicles to part-time workers, to total household size, to adults, and to number 
of workers, and variables of the number of drivers in excess of vehicles, number 
of young people in excess of vehicles. Apart from public transport service, other 
policy-sensitive variables included were tax deduction on vehicle expense, and 
employer provision of a vehicle.  
 
These vehicle type choice models described above all proposed unranked 
alternatives. This is due to the large number of unique make-model-vintages, 
and the fact that each individual in a sample might face an entirely different 
choice set which made ranked alternatives not possible. In these models, the 
included explanatory variables were generic and the alternative-specific 
constants were absent.  
 
 
3.3.3  Models of Car Ownership and Utilization 
 
The kilometerage that a household drives affects both the number and the type 
of vehicles that it may choose to have. A household that drives extensively may 
have a greater need to own two or more vehicles than a household that drives 
less. The importance a household places on the fuel efficiency, which is a 
crucial determinant of the operating cost, and other vehicle characteristics in its 
choice of vehicle type are also conditioned on its driving kilometerage. 
 
Conversely, the number and the type of vehicles a household owns affects the 
amount it drives. A household with only one vehicle is constrained in how 
much it can drive compared with a household of two vehicles. The type of 
vehicle with different fuel efficiency determines the cost of driving and thereby 
affects the amount that the household will choose to drive. 
 
Most of early studies ignored the amount that the household drove in the 
analysis of vehicle holdings, implicitly assuming that there was no relation 
among these choices. Lave and Train (1979) recognized the effect of vehicle 
                                                      
4 A decision unit is an entity comprising one or more members of a household 
who have their own financial means (and appropriate occupation status) 
available for vehicle purchase. These units are relatively independent in terms 
of automobile-related decisions. 
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miles traveled (VMT) on the choice of vehicle type and included it as an 
explanatory variable, with the implication that households that drive extensively 
have an incentive to purchase vehicles with low operating costs. However, as 
stated above, including VMT as exogenous will create bias in the estimation. 
 
Models developed by Train (1986), Mannering and Winston (1985), and 
Hensher et al (1987a) described the choices of car ownership and usage as 
simultaneous decisions. A continuous/discrete choice situation was examined, 
with the discrete choice being the number and type of vehicles to own and the 
continuous choice being the amount to drive. The probability of choosing a 
particular number and type of vehicles depends, structurally, on the miles would 
be traveled on each vehicle. 
 
In addition to formulating a car ownership and utilization model based on the 
utility maximization theory, De Jong (1989) developed a censored regression 
model of car ownership and use. In his model, car ownership and use are 
combined in one dependent variable. It was assumed that if household’s 
permanent mileage, represented by a latent variable, exceeded a certain 
threshold value, then the household needed to acquire a car and its actual car 
use could be observed. The household’s actual car mileage differed from the 
permanent mileage by sorts of transitory effects, which was reflected by a 
disturbance term. The concept of the threshold value was derived from the 
utility theory and was able to be estimated by maximum likelihood method. 
 
Since the car utilization is out of the scope of our study, further details of the 
above models are not presented here. 
 
 
3.3.4  Models of Car Ownership with Other Travel Choices 
 
The car ownership of a household is a major determinant of its trip making 
behavior. To predict trip making behavior adequately, one must first model the 
process underlying car ownership behavior. However, despite its fundamental 
importance as a determinant of how people use transportation system, 
forecasting car ownership has often been treated outside the transportation 
forecasting cycle. In the studies presented below, great efforts have been made 
to incorporate in a behaviorally consistent way the interaction of how many cars 
households choose to own and other transportation-related decisions they make. 
 
Lerman and Ben-Akiva (1976a) considered car ownership as part of a complex 
group of decisions that were hierarchically structured, in which, choices of car 
ownership and travel-mode-to-work were assumed to be made jointly on 
medium-term basis. Separate multinomial logit models were estimated for 
seven market segments stratified by life-cycle and occupation of the household. 
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In another study of Lerman (1976) two more choices, household location and 
house type, were further added into the joint choice set and were treated as 
long-run decisions. A small sample of single worker households was employed 
in the estimation. 
 
These two studies explicitly incorporated the effect of accessibility to some 
extent. For work trips, transportation service level was measured by the ratio of 
out-of-vehicle time to work trip distance, reflecting the idea that out-of-vehicle 
time was perceived far more onerous for short trips than for long ones. For non-
work trips, the spatial opportunity by different modes was represented through a 
generalized shopping price which was a weighted linear function of in-vehicle 
time, out-of-vehicle time, and out-of-pocket cost. The value of time used in the 
weighting process was itself a function of income, reflecting the hypothesis that 
high-income households would be more willing to save time than low-income 
households. The level of service was then weighted by the probabilities with 
which household would travel by different modes to each destination. This 
probability was derived from a disaggregate shopping destination choice model. 
Hence, the accessibility measure is highly disaggregate which depends not only 
on the transportation service level, attractiveness of each destination, but also on 
the characteristics of household. 
 
In the study of Lerman and Ben-Akiva, car availability was represented by the 
number of cars per licensed driver. This variable had direct influence on the 
travel modal choice, and thus indirectly influenced the choice of car ownership 
via the interrelation between these two choices. A fixed amount of vehicle costs 
was assigned, and the variation was achieved by subtracting the vehicle cost 
from the household income. The income that entered the model was the 
remaining income which was the income left to the household after subtracting 
the expenditure on essential goods, work trip, and vehicle costs. Other variables 
were also included representing the number of licensed drivers in the household 
and house type.  
 
The above two studies accommodated the interrelation of car ownership with 
travel modal choice. However, these studies are subject to the problem of using 
the multinomial logit model. Widlert (1992) developed a system of sub models 
for work trip in a nested structure that separately described the choices of car 
ownership, destination, trip frequency, car allocation, and travel mode. These 
sub models constituted an integrated whole through the consistency in the 
structure and the interdependence in the estimation, which was captured by the 
inclusive value. In the car ownership model of this model system, the 
accessibility was measured by the logsum value from the destination choice 
model. The effects of household structure, sex, and age were also taken into 
account. The variable of income included in the model was the disposal income 
per person. Other variables that entered the model are those representing 
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parking cost, use of car for business, location of summer house, and employer 
provision of car. 
 
 
3.4  Dynamic Elements in Car Ownership Models 
 
The advantage of disaggregate models is its plausible structure that makes it 
possible to reveal the decision-making process and to make policy analysis. 
However, the static car ownership models, which use single cross-sectional data 
for estimation, are based on the assumption that household behavior is only 
affected by the currently observed factors. This often differs from reality, as the 
knowledge accumulated during past experience and the expectation on the 
short-term socioeconomic situation will affect people’s decisions. Moreover, 
there usually exists a time lag in reaction to the change of contributing factors. 
From a longitudinal point of view, people’s taste varies over time as a result of 
changes in socioeconomic characteristics, activity patterns, and market 
conditions fluctuations,  etc.. 
 
Inherent from the dynamic element of car ownership process are the transaction 
costs and brand loyalty. The former one may include the costs of searching and 
transferring as well as the psychological costs of breaking habitual ownership. 
The brand loyalty is derived from the ownership habit based on the knowledge 
households accumulate of a vehicle’s performance and its idiosyncrasies during 
the tenure of ownership. For this reason, households tend to buy new vehicles of 
the same make as the previously owned one.  
 
The dynamic aspect of car ownership has been addressed by a number of 
studies. Manski and Sherman (1980), Berkovec and Rust (1985), and Train 
(1986) introduced a transaction costs indicator variable in their specifications of 
the vehicle type choice models to incorporate the asymmetry between 
continuing one’s current holdings and making any kind of transaction. The 
transaction costs indicator is a dummy variable distinguishing vehicles currently 
owned by household from those available only on the market. 
 
Mannering and Winston (1985) addressed dynamics from a different 
perspective. The premise of their work was that the dynamics of vehicle 
ownership evolved from habits that was formed during the ownership and use 
of a specific vehicle. The brand loyalty was captured by the lagged utilization 
variables in terms of vehicle miles historically traveled by a household, 
representing the accumulation of information and familiarity through driving 
and ownership experience. 
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Apart from the dynamic concerns discussed above, another fundamental issue is 
to assume that households asses their vehicles at regular intervals, choosing to 
retain or revise current holdings. Hensher and Plaster (1985) and Hensher 
(1987) developed their models based on this approach, differing from the 
transaction models in that it first assessed the household decision to enter the 
vehicle market and then considered the choice of vehicle condition on the 
decision to purchase a new vehicle. The habitual influence was captured by an 
experience index which represented the status of previous states. 
 
In addition to the time lags of the dynamics, it has also been demonstrated that 
the behavioral response to the changes in the contributing factors is not 
symmetric. This means that the magnitude of behavioral response differs 
depending on the direction of the changes in contributing factors. Goodwin 
(1986) showed that an increase in trip rate yielding an increase in car ownership 
tended to be larger than a decrease in trip rate yielding a decrease in car 
ownership. Kitamura (1987) got some similar findings with respect to the 
changes in income and number of drivers. It was indicated that an increase in 
income had a much larger effect on car ownership than a decrease did. A 
positive change in the number of drivers appeared to have a more significant 
effect than a negative one. 
 
The above studies have incorporated the dynamics in car ownership models 
from various perspectives. However, these models are all retrospective ones, i.e. 
they take account of the dynamics by only considering the influence of previous 
choice and history status. People’s expectations and their buying plans have 
been overlooked, which are supposed to have great impacts on their attitudes 
toward various choice alternatives.  
 
 
3.5  Endogenous Switching Simultaneous Equation System 
 
he number of workers and income are important determinants in car ownership 
behavior. However, these variables have been treated outside the travel demand 
framework and have been simply included as exogenous variables in most of 
car ownership models. Data on them are usually obtained from supplementary 
demographic forecasts rather than being based on causal models that can 
accommodate behavioral factors underlying the choices. In addition to resulting 
unreliable forecasts of them, the treatment of employment and income as 
exogenous can lead to inconsistent parameter estimation of car ownership 
model. This inconsistency in estimation procedures is due to the fact that 
correlation in unobserved factors may affect the employment decision of 
individuals in a household and car ownership choice. 
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Based on the consideration of these problems Bhat (1993), therefore, developed 
an integrated endogenous switching equation system to model employment, 
income and car ownership as simultaneous choices, explicitly recognizing the 
interdependence among them and their structural relationship with relevant 
exogenous variables.  
 
Those households with unemployed husband were excluded from the analysis. 
The endogenous variables in the model system were thus household car 
ownership, husband’s income, wife’s employment and income. All these 
variables were discrete, including income variable which was here the one 
indicating the interval income falls into. Continuous latent variables were 
defined for them, being a function of exogenous variables such as lifecycle and 
lifestyle variables of the individual and household plus a normally distributed 
random error term. These latent variables can not be observed, but whether they 
exceed a certain level or fall into a certain interval of censoring bounds. In 
Bhat’s model system, the equation for wife’s income was censored by her e 
mployment status, and the model for household car ownership choice was a 
two-equation switching system with wife’s employment as an endogenous 
switch. Each equation in the model system was estimated individually using 
maximum likelihood procedure. 
 
 



 

 

 
 
 
4 Model Methodology and General Structure 
 
 
The aim of this work is to develop car ownership models at the household level, 
taking the car ownership decision as a trade-off among household members. 
Models formulated here follow the standard discrete choice theory, with the 
assumption that household chooses the alternative which is of the highest 
utility. The focus of this study is on the accessibility and generation effects. 
Multinomial logit models are formed to analyze household’s choice of the 
number of cars. This choice is further integrated with the choice of driving 
license holding in a nested structure, accommodating the interdependence 
between them. 
 
 
4.1  Accessibility Measures 
 
The influence of accessibility - partly constituted by the public transport service 
levels and the location of activities - on the level of car ownership is of great 
interest in the context of energy and public transport issues. This influence is 
often handled in car ownership models by including accessibility indices such 
as spatially aggregate variables that represent the spatial characteristics of 
household location or some variables that directly measure the service level of 
different transport modes. The problem associated with these accessibility 
indices is that they are not policy sensitive or not able to incorporate people’s 
spatial activity patterns. 
 
It is obvious that the service level of various transport modes will affect the 
propensity of household to have a car. However, this influence also depends on 
the household’s other travel related behavior. For those who have different 
socio-economic characteristics and activity schedule and thus with different trip 
frequency and trip purposes this influence will be different. To incorporate the 
impact in this perspective it is required to find a trip-based accessibility index. It 
is also desirable, of course, that this measure is feasible for making policy 
analysis. In this study, an inclusive value derived from a nested travel choice 
model, which is defined as the expected maximum utility of a subset of 
alternatives, is used as such an accessibility measure. 
 
This inclusive value incorporates household’s socio-demographic 
characteristics, trip behavior, and also travel cost to different destinations by 
various transport modes. The car competition can be reflected on the inclusive 
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value as well. These factors make contribution either directly or indirectly via 
logsums from lower level choices. This inclusive value is thus regarded as being 
both policy sensitive and behaviorally consistent in measuring accessibility. 
 
Separate inclusive values are obtained for different trip purposes. These values 
need to be scaled into the same unit, either in time or in money. Monetary 
inclusive value is used in the present study. This is achieved through dividing 
the inclusive value by the cost parameter in the utility function. It becomes 
more complicated in a nested logit model if the cost parameter is not in the 
utility function at the highest level. In such case, the inclusive value also needs 
to be adjusted with the scale parameters in the model.  
 
In this study, the nested logit model from which the inclusive value is derived 
comprises, from the highest level to the lowest, trip frequency, mode choice and 
destination choice. The cost term is included in the utility function for 
destination choice, which is at the lowest level in the nested structure.  
 
Define Φ f  to be the inclusive value derived from the trip frequency choice, 
which is 
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where V f  is the utility of other factors than logsum in the trip frequency choice; 

V f
'  is the logsum value from the travel modal choice; µ f is the scale parameter 

for V f
' ; and F is the number of alternatives in the trip frequency choice set. 

 
Similarly, V f

'  can be expressed as 
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where Vm  is the utility of other factors than logsum in the modal choice; Vm

'  is 
the logsum value from the travel mode choice; µ m is the scale parameter for 

Vm
' ; and M is the number of alternatives in the modal choice. 

 
Also, Vm

'  can be expressed as 
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where Vd  is the utility of other factors than cost in the destination choice; Cd 
represents cost variable; β  is the cost parameter; and D is the number of 
destinations in the choice subset for destination choice.  
 
Assume that all Vd  = VD  and all Cd = C, then Vm

'  can be rewritten as 
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It is analogous to make the same derivation for V f

'  and Φ f , which produces 
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and 
 
Φ f F f fF V V= + +ln 'µ      (4.6) 
 
Replacing the logsums on the right side of these equations by their 
corresponding expressions, we have 
 
Φ f F f M f m D f mF V M V D V C= + + + + + +ln (ln ) (ln )µ µ µ µ µ β  
 
Thus, 
 
C V a f= − Φ        (4.7) 
where 
 

[ ]V a F V M V D VF m M D= + − + − +ln (ln ) (ln )µ β β   (4.8) 
 
and  
 

a
f m

= −
1

µ µ β
       (4.9) 
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Therefore, the monetary inclusive value is the logsum value derived from the 
frequency choice model divided by the cost parameter multiplied by the scale 
parameters for the trip frequency and modal choices. In more general words, the 
parameter used to scale the logsum is the cost parameter multiplying scale 
parameters for the choices standing between the highest level and the level 
contains the cost variable. 
 
 
4.2  The Generation Effect 
 
It is well witnessed that people of different age exhibit different propensity of 
car ownership. It is interesting to note that this propensity varies over time, 
which can be explained by the generation (birth-year) effect. For example, 
people from an old generation may be used to their lifestyle and resist to acquire 
a car although the environment may prompt them to do so; but the young 
generation may show high propensity to acquire cars. This generation effect 
reflects to some extent the taste variation of people over time, which forms a 
dynamic aspect in car ownership choice.  
 
The dynamic element in travel behavior has received increasing attention in 
recent years. Especially in the context of forecasting, traditional cross-sectional 
analysis is faced to a number of challenges. The fundamental assumption 
inherent in a conventional model estimated on a single cross-sectional data set 
is that the behavior is contemporaneous. This means that the behavior changes 
should be instantaneous, symmetric and stationary. Systematic variations in the 
travel behavior are thus related to variation in explanatory variables in the same 
cross-section. Applying this relation to forecasting would involve longitudinal 
extrapolation of cross-sectional variations. Changes in behavior over time 
would be predicted based on differences in behavior across individuals. 
 
There are a number of factors indicating that travel behavior is not 
contemporaneous. First of all, the response of individuals or households to the 
changes in environment may not be instantaneous. Response lags can be 
resulted from time lags accumulated in each step of response process to 
stimulus which comprises of perception, identification, decision and reaction 
(Kitamura, 1992). Besides, constraints imposed on the household and the cost 
of change may also lead to response lags, which gives rise to habitual behavior 
or resistance to change even though the current behavior is no longer the 
optimum due to the changes in the environment. In addition, there may be 
behavioral asymmetry depending on the directions in the change. It has been 
indicated that tightening constraints force quick reaction while delayed response 
tends to follow loosening constraints.  
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Instead of focusing on the habit formation and information accumulation as in 
most of dynamic models, this work attempts to capture different behavior 
patterns marked by different generations. Variables indicating household falling 
into different generations are included the model. This is performed by defining 
dummy variables for different birth year threshold values. Since models based 
on single cross-sectional data can only estimate the age effect, longitudinal data 
set is required in this case.  
 
 
4.3  Non-Linearity of Explanatory Variables 
 
There are a number of variables that may exhibit non-linear impact in 
household car ownership choice. For example, the effect of an extra worker, 
grown-up or child can decrease with the increase in the absolute number of 
them in a household. However, the values of these variables are usually within 
very limited ranges. One can use dummy variables to capture the non-linearity 
of them. In the normal case, it is not worthwhile to make slightly more precise 
form of these variables in the loss of the simplicity of the model. Therefore, 
linear specifications of these variables are employed. 
 
Our major concern in this study is household income. It is hypothesized that the 
marginal utility of income may be different with respect to different level of 
income. Two approaches, piecewise linear approximation, which divides 
income into a number of ranges, and Box-Cox transformation, are used to cope 
with it. 
 
The Box-Cox transformation, which is first proposed by Box and Cox (1964), 
introduces the non-linearity by transforming one or more strictly positive 
variables in the utility function into nonlinear variables according to 
 

X
X

Xjn
jn

jn

( ) ( ) /
ln

λ
λ λ λ

λ
=

− ≠





1 0     if 
              if = 0 

    (4.10) 

 
Here, X jn  is a strictly positive explanatory variable in the jth alternative for 
observation n; λ  is an unknown parameter.  
 
This transformation defines a family of functions that includes the linear and the 
logarithmic transformations as special cases. It collapses to lnΧ for λ  = 0 and 
to a linear specification for λ  = 1 (Gaudry, M. and M. J. Wills, 1978). In other 
cases than these two special cases, the transformed variable is also not linear in 
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unknown parameter. This gives the difficulties in estimation. In this study, the 
parameter λ  is estimated with the TRIO software (Gaudry, M. et al, 1993). 
 
Suppose the coefficient for the transformed variable X jn

( )λ  in the utility function 

j for observation n is β jn , then the marginal utility of X jn , which is the partial 
derivative of the representative utility of the jth alternative, V jn , with respect to 

X jn , can be derived from Equation (9.1) as 
 
∂
∂

β λV
X

Xj

jn
jn= −1       (4.11) 

 
It can be seen clearly that the marginal utility of X jn  is still a function of X jn  
when λ  is not equal to one instead of simply being the estimated coefficient in 
the linear logit model. This means that the effect of an unit change in X jn  will 
depend on the level of this variable, which leads to an asymmetry of response. 
Obviously, the effect of additional X jn  will be smaller at higher level than at 
lower one if λ <1. Conversely, increasing returns exist if λ >1. Besides, the 
computed trade-off, or marginal rate of substitution between the transformed 
variable and other variables is conditional on this variable instead of being the 
simple ratio of estimated parameters. 
 
 
4.4  Joint Choice of Car Ownership and Driving License 
 
The impact of household license holding on the choice of car ownership level 
has been generally recognized. In some static car ownership models, the number 
of persons in a household holding driving license has been included as a causal 
variable (Lerman, 1976; Lerman and Ben-Akiva, 1976; and Kitamura, 1987). It 
is more appropriate to consider the relationship between these two choices in a 
dynamic framework, as there may exhibit response lag in the choice of car 
ownership to the change in the driving license due to some reasons such as 
budget constraints. For instance, a household may not immediately acquire an 
additional car after its member acquires a driving license because it has not 
saved up a down-payment yet. Such a dynamic model has been tested by 
Kitamura and Goulias (1991), in which the previous status of driving license 
holding and the change in it were taken as important contributing factors in the 
current choice of car ownership level. To identify such dynamic relationship 
longitudinal data is required. Because of the problem of data availability, these 
two choices are modeled based on the cross-sectional data in this study. What 
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differs from previous static models is that these two choices are taken as 
simultaneous decisions rather than treating the driving license holding to be 
exogenous. A nested logit model structure is thus formulated, where the 
coefficient of inclusive value can provide guidance on the structural relationship 
between these two decisions. 
 
 
4.5  Data Requirement 
 
In the case that travel behavior is not contemporaneous, panel data is a 
prerequisite for proper forecasting of travel demand. Panel data, which is 
repeated measurement on the same respondents, contains more information for 
each behavior unit than do cross-sectional data. The motivation of using panel 
data arises from the evaluation of the impact of a change in transportation 
system or a change in individual or household circumstances. It has been widely 
used to identify the dynamic element in travel behavior. There are several 
advantages of using panel data over cross-sectional data. 
 
Panel analysis has advantages in examining the dynamic aspect of travel 
behavior, such as habit formation and experience effect, learning or anticipation 
of changing circumstances. The dynamic aspect can result in response lags of 
individual to the changes in environment. Panel data makes it possible to detect 
such response lags.  
 
Besides, repeated observations of the same respondents implies that the 
unobserved contributing factors that vary across individuals but remain constant 
over time can be well controlled, facilitating more precise measurement of 
behavior changes. It also enables the analyst to focus on changes in contributing 
factors and the consequent changes in travel behavior. This reduces the possible 
confusion due to the correlation among possible contributing variables, and 
satisfies the identification of cause-effect relationship. Thus, the effect of 
transportation policies, which are usually in terms of changes in trends, can be 
detected more easily.  
 
Panel data also provides the possibility to identify temporal variation in travel 
behavior. Variability in travel patterns has important policy implication. By 
observing travel patterns of individuals and households over several consecutive 
days and during different time periods, panel data offers insights into travel 
planning and activity scheduling. 
 
Despite these advantages of panel analysis, it suffers financial and 
organizational difficulties. The total costs of the project are usually considerably 



Part I  Car Ownership 
 

46  

higher than a one-time cross-sectional sample. It also necessitates a long-term 
research planning horizon and regular contact with the respondent. 
 
With respect to the car ownership models in this study, using single cross-
sectional data is obviously not possible to estimate the generation effect. Panel 
analysis allows for identifying different car ownership behavior patterns of 
people belonging to different generations, observing changes in their behaviors 
over time and detecting their different responses to the changes in environment. 
It is thus desirable to use panel analysis in developing our models. 
Unfortunately, such data is still not available in Sweden. Nevertheless, as long 
as the generation effect is viewed to be static over time, repeated cross-sectional 
data can be used to gauge this effect. Therefore, in this study, cross-sectional 
data from a number of years are put into a single data set which forms a time-
series cross-sectional longitudinal data set. 
 
 
4.6  Contributing Factors 
 
The contributing factors are classified into the following categories: 
 
• Vehicle characteristics 
• Accessibility measures 
• Socioeconomic characteristics of the household 
• Other incentives 
 
This will involve a large number of explanatory variables. The decision of 
model specification, i.e. what variables should enter the models and in which 
form, is based on the available data, the relationship among these variables, the 
focus of this study, and the parsimony in representation. 
 
 
4.7  Model Structure 
 
The structure of the model system is illustrated by a tree structure depicted in 
Figure 4.1. The nested travel choice model from which the accessibility 
measure (logsum variable) is derived is also included into the structure for 
illustration. This part of models were formulated by Algers (1992) and Transek 
(1996). The logsum value derived from it is included as an independent variable 
into the utility functions in car ownership models. Some of the models in this 
study only analyze the choice of the number of cars. The others take the two 
choices, the number of cars and the number of licensed driver, as a 
simultaneous decision and model them in a nested structure. 
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Figure 4.1 Model structure 
 



 

 

 
 



 

 

 
 
 
5 Survey Data 
 
The data source used in this study comes from various travel surveys, including 
the national travel survey called Riks-RVU and local travel survey. In addition 
to the current one which started from 1994, Riks-RVU was carried out in 1978, 
1984/85. In 1986/87 and 1989, two local travel surveys were made specifically 
for Stockholm and Gothenburg regions respectively.  
 
The survey population of Riks-RVU is drawn randomly from RTB, which is 
SCB’s register over the entire population, stratified by age or geographical 
location. Those persons interviewed are between 6 to 84 years old. Children 
under 15 are interviewed via a parent, and is often in corporation with the child.  
 
Every respondent is assigned at random a diary day, and all days in a year can 
be a diary day. The interview is normally carried out the day after the diary day. 
Every respondent is contacted up to seven days so that all week days can be 
covered. The respondent needs to give all his/her actual trips for that measure 
day and their socio-demographic characteristics. The following information can 
be obtained after the interview: 
 
• Trip - travel mode, travel distance, purpose, origin and destination, time 

point; 
• Traveler - sex, age, occupation, ownership of driving license; 
• Environment - household type, house type, household’s ownership of 

vehicle, bicycle, auto cycle. 
 
In some cases, there is no response from the chosen individual. This can be due 
to refusal of the respondent, or some difficulties associated with the respondent 
such as sickness or language problem, or unavailability in contact with the 
respondent. Non-response generally has great influence on the survey. The non-
response level for 94 Riks-RVU is 22 percent. It has been shown that there is no 
big difference in response frequency between man and woman, but among 
different age groups (the eldest group for age from 65 to 84 exhibited the lowest 
response frequency) and geographical regions (Stockholm region has the 
highest non-response level) (Svenskarnas Resor 1994, Teknisk Rapport).  
 
Compared with other surveys, the non-response in Riks-RVU can be attributed 
to a number of factors. The most important factor is the short contact period, 
only one week, which yields the proportion of non-contact high. Another factor 
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is odd time such as summer and weekend covered by survey period. Besides, 
the upper age border in Riks-RVU is higher than many other surveys. 
 
In this study, since data collected in panel form is still not available in Sweden, 
a time-series cross-sectional data set is employed. Data from a number of years 
are thus picked out and combined into a time series. It is of course important to 
choose proper time interval between these data sets for the purpose of 
separating the generation effect from the age effect. A long time series is also 
desirable which allows for the variation in the behavior of different age groups 
over time. However, the limitation on data availability and information 
contained in these data sets restrict the number of data cross sections that can be 
used. For instance, if the data does not provide information on the age or birth 
date of household members, it is not possible to find out the age of household 
head and is thus not able to include this data set into the time series. Table 5.1a 
and Table 5.1b give the data sets used in this study and their gross sample size 
for Stockholm and Gothenburg respectively, together with their corresponding 
car ownership levels. It can be seen that the car ownership level in these two 
regions fluctuates with time, this is more apparent in Gothenburg. The rapid 
economic growth in the second half of the 80’s is reflected in the data. 
 
 
Table 5.1a Sample size and proportion of households with different car 
ownership level (Stockholm) 
 
 Stockholm 
 1984 1986 1994 1995 
0 car 0.45 0.39 0.37 0.37 
1 car 0.47 0.50 0.50 0.50 
2+ car 0.08 0.11 0.13 0.13 
Sample size 1172 2879 1314 1049 

 
 
Table 5.1b Sample size and proportion of households with different car 
ownership level (Gothenburg) 
 
 Gothenburg 
 1984 1989 1994 1995 
0 car 0.36 0.26 0.35 0.32 
1 car 0.57 0.54 0.51 0.51 
2+ car 0.12 0.20 0.14 0.17 
Sample size  559 7287  613  493 

 
 
Among these data sets, the Stockholm 86/87 and the Gothenburg 89 data are 
collected specifically for these two regions and have a relatively larger sample 
size. These two data sets are also used in testing the accessibility measures and 
the nonlinear effect of explanatory variables. It should be mentioned that, in the 
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Stockholm 86/87 data, a travel diary of every household member is obtained, 
whereas the questions are only for one individual in the household in the 
Gothenburg 89 case.  
 
The observations contained in these data samples can not be all used in model 
estimation. Some of them need to be excluded because of error code or bad 
information. Riks-RVU provides poor data on household income. Here, only the 
income of the couple in a household is provided, and there is no separate code 
for no income and missing income. In order to keep sample size large enough, 
missing income is treated to be zero when there is at least income data for one 
person in the household. The total household income is thus the sum of the 
couple income despite that one of them may be missing. Information provided 
by these data sets are not exactly the same. Only those commonly contained 
information can be used in the model construction.  
 
Considering that the generation effect is the major concern of this study, it is 
interesting to see what the data from these years illustrate about the car 
ownership behavior trend of people with different age. Figure 5.1a displays the 
car distribution against age for Stockholm 1984, 1986/1987, 1994 and 1995; 
Figure 5.1b for Gothenburg 1984, 1989, 1994 and 1995. The age used here is 
the mean of the ages of the couple in a family, or the age of the single parent, or 
the age of the eldest person in the other types of household. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Part I  Car Ownership 
 

52  

 

 

 
 

Figure 5.1a Distribution of car ownership on age groups for Stockholm 
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Figure 5.1b Distribution of car ownership on age groups for Gothenburg 
 
 
 

0 -ca r le ve l

0
1 0
2 0
3 0
4 0
5 0
6 0
7 0
8 0

1 8 -3 4 3 5 -4 9 5 0 -6 4 6 5 -
A g e

Pe
rc

en
ta

ge
 (%

)

1 9 8 4 1 9 8 9 1 9 9 4 1 9 9 5

1 -c a r  le ve l

0

1 0

2 0

3 0
4 0

5 0

6 0

7 0

1 8 -3 4 3 5 -4 9 5 0 -6 4 6 5 -
A g e

Pe
rc

en
ta

ge
 (%

)

1 9 8 4 1 9 8 9 1 9 9 4 1 9 9 5

2 +-c a r le ve l

0

1 0

2 0

3 0

4 0

1 8 -3 4 3 5 -4 9 5 0 -6 4 6 5 -
A g e

Pe
rc

en
ta

ge
 (%

)

1 9 8 4 1 9 8 9 1 9 9 4 1 9 9 5



 

 

 
 



 

 

 
 
 
6 Variables Influencing Car Ownership Choice 
 
Variables that determine the household’s car ownership decision can be 
classified into the following categories: 
 
• Vehicle characteristics 
• Accessibility measures 
• Socioeconomic characteristics of the household 
• Other incentives 
 
 
6.1  Vehicle Characteristics  
 
Only cost variables are considered in the case that vehicle type is not modeled. 
Vehicle costs can be partitioned into fixed costs and variable costs. Fixed costs 
are the part of vehicle costs not dependent on vehicle use, which include capital 
carrying costs, insurance and some portion of maintenance and depreciation. 
Variable costs are those operating costs that vary with vehicle use, including 
gasoline expenses and a fraction of maintenance and depreciation. The 
transaction costs need also to be counted when car ownership behavior is 
considered as a dynamic process. 
 
In order to estimate the price response, variation in vehicle costs across 
observations is required. However, this is difficult to achieve without examining 
vehicle type and utilization, as the cost of owning a vehicle depends on which 
vehicle is owned and how much household drives. One way of solving it is to 
combine vehicle costs with other variable that varies across observations. 
Lerman and Ben-Akiva (1976) assigned a fixed amount of money as the 
annualized cost of owning a car, and variation in the cost variable was obtained 
by subtracting this fixed amount from the household’s income.  
 
It is also possible that people with different income perceive the cost in different 
manner. This can be reflected through transforming the cost into a subjectively-
perceived attribute. Lave and Train (1979) and Berkovec and Rust (1985) 
deflated vehicle cost by income in their models of vehicle type choice. 
However, this transformation implicitly assumes that households regard a 
proportion of their income as being available for car ownership subject to 
negligible cross elasticity with respect to other uses. 
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Parking cost is a portion of fixed vehicle costs. Due to the limitation of 
information provided by the travel survey data, only this variable is included in 
our model as an indicator of vehicle costs. Another consideration of including 
parking cost is based on the assumption that it can reflect the transport 
accessibility to some extent, as higher parking cost implies that household may 
locate in the center part of the city and is thus of better accessibility to public 
transit. The values of parking cost vary across households and alternatives. It is 
therefore directly included into the utility function without any transformation. 
 
 
6.2  Accessibility Measures 
 
The influence of accessibility on the level of car ownership is of great interest in 
the context of energy and public transport policy issues. In disaggregate car 
ownership models, it is often incorporated via the introduction of spatially 
aggregated variables such as residential location (Manski and Sherman, 1980), 
location density and metropolitan area size (Kitamura, 1987), or the number of 
transit trips per capita and the population of the area in which the household 
resides (Train, 1986). Although residential location in the more urban area and 
the concentration of population increase the chance that public transport system 
can satisfy the majority of travel needs being viable financially, these variables 
above are not causal or explanatory in nature and are usually justified as proxies 
for public transport quality or accessibility. Changes in them over time may not 
result in changes in public transport service levels or accessibility and may not 
therefore affect car ownership levels in the anticipated way. 
 
Hensher and Plaster (1985) included the number of bus routes and distance to 
the public transit in their model. Although these variables can directly measure 
the public transport service level, they do not incorporate spatial activity 
patterns. A more comprehensive index of accessibility was proposed by Lerman 
and Ben-Akiva (1976). They introduced a generalized travel cost of shopping, 
which was defined to be the possibilities of traveling to shopping destinations 
by different modes weighted by a function depicting the costs in time or money 
of reaching those opportunities. This method of calculating accessibility 
explicitly assumes that travel cost has linear effect on the car ownership choice.  
 
An adequate accessibility measure should be sensitive to policy variables and be 
consistent with people’s spatial activity pattern. One such measure can be the 
inclusive value from travel choice models. Bunch and Kitamura (1989) 
introduced an “inclusive price” which is the logsum value derived from the 
multinomial logit destination choice model. Unfortunately, the way they 
accommodated car competition and other travel choices such as travel mode and 
trip purpose is somewhat harsh. 
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In the present study, the accessibility is measured by the logsum value from a 
nested logit model, comprising trip frequency, mode and destination choice. 
Variables representing car competition is included in the utility function for 
travel mode choice. Any change in the car competition caused by different 
choices of the fleet size can be reflected in the logsum value. In addition, the 
variable of travel cost included in the destination choice model also makes this 
accessibility measure policy sensitive. Therefore, any changes in the 
transportation system characteristics, spatial activity pattern and car competition 
as well as the utility of using car for various trips can all be reflected in the 
value of accessibility measure through the inclusive value. 
 
In addition to the above accessibility indices, it could be of interest to analyze to 
what extent house type and parking type could be used as proxies for 
accessibility. Housing attributes can be characterized by a large number of 
possible variables. For the purpose of transportation planning where only the 
trip-making behavior of household is concerned, the primary focus is on the 
spatial aspect of mobility rather than the house itself. The house type is thus 
classified into separate-family houses, linked houses, multiple-family dwellings 
and others. Usually, separate-family house has driveways with an own parking 
place but low accessibility to public transit; multiple-family dwellings are 
generally characterized by the reverse. Thus one would anticipate that, if all else 
is equal, the utility of multiple-car ownership would be substantially higher for 
those residing in the separate-family house than for those residing in the 
apartments.  
 
Parking type is closely related to house type and household location. 
Households with an own parking place usually reside in single houses located 
far away from C.B.D., which is normally of low accessibility to public transit. 
The parking type available from RVU data is classified into own parking place, 
garage, street parking and others. 
 
 
6.3  Socioeconomic and Demographic Characteristics 
 
Households with different structure and socioeconomic characteristics have 
different mobility expectations and tastes, and thus can make different choices 
of car ownership. Socio-economic variables do not vary across alternatives. For 
this reason, they must be somehow transformed in the utility function either by 
combining them with other variables or by making them alternative specific. 
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Income 
Income is an important element in the choice process of car ownership. It may 
be expected to be the most important variable for explaining variation in car 
ownership levels. In specifying demand models, it is usual to take disposal 
income or income available for expenditure as the form of the independent 
variable. With regard to car ownership models, such a specification is often 
impossible because many household surveys, particularly those for area 
transportation planning studies, measure income gross of tax, social insurance 
payment and transfers. Nevertheless, in the case that the policy for tax and 
insurance system remains stable over time, it does not make a big difference 
whether using gross income or subtracting tax from income.   
 
The role of income often interacts with household size. Larger households 
require more money on essential goods and thus leave less money on other 
expenditure. Hensher and Plastrier (1985) included, despite this interaction, 
household gross annual income into the utility function directly without any 
transformation. Lerman and Ben-Akiva (1976) and Bunch and Kitamura (1989) 
combined all monetary measures into a single variable referring to remaining 
income. The value of it was household annual income minus the expenditures 
on essential goods, car and travel. The subsistent cost was a function of 
household size. Since only one coefficient was estimated for the cost terms, it 
actually gave an extra assumption that the marginal utility of any cost 
component was the same regardless of the type of expenditure considered. 
Widlert (1992), instead, used total household income per person after tax. The 
problem associated with it is that the roles of adult and children are treated 
alike. 
 
Note that poor people and rich people may have different perception of money, 
which produces that the marginal utility of extra money should decrease with 
the increase of income. Hence, the utility should be a concave function of 
excess money. This idea is often handled by introducing the natural log of 
income into the model (Lerman and Ben-Akiva, 1976; Lerman, 1976; Train, 
1986). The difference in the perception of money exists not only among persons 
with different income, but also among persons in different lifecycle stages 
(Lerman and Ben-Akiva, 1976). The explanation may be that households 
accumulate their wealth, in terms of both savings and property, as they pass 
through lifecycles from young to old. 
 
Considering the non-linear effect of income on the car ownership, Box-Cox 
transformation is used in the present study to figure out a precise form of the 
effect of income. 
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Household size and structure 
Household size and structure, including the number of workers, number of 
grown-ups, and number of children, etc., are of great importance in the 
household’s car ownership decision. The propensity of a household choosing to 
have a car will normally be higher with the increase in the number of employed 
persons. Being aware that the possible correlation in unobserved factors may 
affect the employment decision of individuals in a household and car ownership 
choice, Bhat and Koppelman (1993) modeled employment as endogenous to car 
ownership choice. 
 
The impact of household size on car ownership is twofold. On one hand, larger 
household implies higher trip frequency, and thus has higher mobility 
expectation. On the other hand, more household members will require a greater 
portion of their available income for essentials such as food, housing, clothing, 
thus leaving fewer family resources for expenditure on automobile. It is also 
anticipated that the contribution of household size is not linear. The marginal 
utility of an excess household member will decrease with the increase in the 
size of household. To capture this non-linear effect, Train (1986) took the 
natural log of the number of household members. However, the value of these 
variables is normally within very a limited range, and very complex 
transformation is not worthwhile sometimes. 
 
Lifecycle stages 
Lifecycle stages reflect the regular development of a family through aging, 
marriage, birth of children, children growing up and eventually leaving home, 
and retirement. It has been demonstrated that lifecycle stage has a profound 
influence on car ownership behavior (Goodwin, 1987; Hensher and Plastrier, 
1985; Kitamura and Goulias, 1991). Lerman and Ben-Akiva (1976) even 
developed separate models for distinct market segments stratified on lifecycle 
stages and occupation in order to capture the taste variation of households in 
different lifecycle stages. 
 
In the models developed in this study, variables representing household 
structure are introduced instead of lifecycle variables. This is because household 
structure is closely related to the concept of lifecycle stage. The evolution of the 
household and the transition between different lifecycles will in turn change 
household structure, and the characteristics of household in different lifecycle 
stages can be reflected by these household structural variables. An alternative 
causal structure can explain the observed behavior equally well. Therefore, 
further test on the effect of lifecycle stages is not performed in this study. 
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Education level 
People with different education level may have different taste of car ownership. 
In the choice of vehicle type, college-educated household heads would better 
understand the determinants of capital costs and be more aware of the life cycle 
cost savings with a fuel efficient car. In the vehicle quantity choice education 
level would be negatively related, as people with good education background 
usually work in the area with better access to public transit. Since Gothenburg 
89 data does not provide individual information on education level, this factor is 
not tested in the final model. 
 
Gender 
The number of women licensed to drive has been growing. In general, however, 
the woman’s need for the car  is still often seen as secondary to her male 
partner. Cassel et al, (1993) has pointed out that the motivation for a woman to 
have a car is mainly because of some essential community services and shops 
which are less easily accessible by public transit. Women’s fear for their 
personal safety and security as well as lacking driving confidence reduce their 
possibility of using a car. Therefore, a negative coefficient is anticipated for the 
woman in the car ownership choice.  
 
Age 
Age has often been included in the vehicle type choice to capture the taste 
variation among people with different age (Lave and Train, 1979; Manski and 
Sherman,1980). However, age rarely occurs in the model of car ownership level 
on itself except combining into lifecycle variables. To model car ownership on a 
household level, it needs to decide whose age plays the most important role. 
The choice is either the age of the household head or the average age of the 
couple. And the household head can be the oldest person or the oldest man in a 
household. Based on these considerations, different hypotheses are tested in this 
study. 
 
Number of licensed drivers 
The number of drivers reflects the household’s mobility expectation. The more 
licensed drivers in a household, the more likely it will select a high vehicle 
ownership level. A number of previous studies have recognized the relationship 
between these two choices and entered the number of licensed drivers either 
directly (Kitamura, 1987) or taking the inverse of it with the hypothesis that the 
marginal effect of an additional driver on the need for automobile decreases as 
the number of drivers increases (Lerman and Ben-Akiva, 1976). 
 
However, the relationship between them can be interrelated. The vehicle 
quantity can both be affected and affects the choice of license holdings. 
Therefore, it would be more appropriate to take these two choices as 
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simultaneous decisions. This means that the number of licensed drivers should 
be endogenous instead of being exogenous. 
 
Car competition 
Car competition has been largely overlooked by researchers. Models with no 
variables representing car competition implicitly assume that there is no relation 
between car competition and car ownership. Studies of Burns et al (1976) and 
Golob and Burns (1978) simply assumed that household members would travel 
by exclusively using a car or by alternative transportation modes.  
 
A number of studies have incorporated this factor by introducing variables 
reflecting car competition into the car ownership model but simply entered them 
as exogenous variables (Hensher and Plaster, 1985). Widlert (1992) addressed 
this issue by constructing a car allocation sub model for work trip. In the 
multinomial logit joint models of car ownership and modal choice which were 
constructed by Lerman and Ben-Akiva (1976) and Lerman (1976), it was 
assumed that car competition had direct influence on travel-modal choice and 
thus indirectly affected the car ownership choice through the interdependence 
between these two choices. 
 
For different trip purposes, car competition may behave differently. For work 
trips, car competition is among workers; for non-work trip, car competition may 
be among all adults. Bunch and Kitamura (1989) reflected this idea by 
measuring car availability for work trips as the ratio of the number of cars to the 
number of workers, and the ratio of the number of cars to the number of adults 
for non-work trips. 
 
In the present study, the impact of car competition on the car ownership level 
choice is captured through the accessibility measure. A variable representing car 
competition, which was the number of cars divided by number of drivers, was 
included as an explanatory variable in the model of travel-modal choice 
(Algers, 1992). The accessibility measure included in the model of vehicle 
quantity choice is expressed as the monetary inclusive value derived from a 
nested logit model which contains this modal choice model. Car competition is 
thus taken into account through the logsum value. 
 
Summer house 
Households with summer house, particularly with one located in the same 
commune, may often need to transfer goods and thus have higher preference to 
have a car. Besides, those households with summer house are supposed to be of 
better economic condition, both in income and savings. Since Gothenburg data 
does not provide information on the location of summer house, a dummy 
variable only indicating whether household has a summer house or not is 
included.  
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6.4  Other Incentives 
 
Company car 
Household with a company car is more likely to acquire a second car. This is 
because a company car is usually cheaper to keep, and the person who has the 
company car may need to always drive it to his work. 
 
Frequency of using car for business 
A household with a person frequently using car for business will prompt the 
household to acquire a car. This variable can directly influence people’s mode 
choice and can thus indirectly affect households car ownership choice through 
the logsum value. 
 
 



 

 

 
 
 
7 Model Specification 
 
 
7.1  Specification of Model Choice Set 
 
The model system developed in this study consists of two major parts. The first 
part contains MNL models of the number of cars, and the second part is nested 
logit models of joint choices of the number of cars and driving license holding. 
 
The fleet size choice identifies the probability that a given household chooses to 
hold a particular number of vehicles. The choice set contains three ranked 
alternatives: 0, 1, and 2+ (two or more) cars. In the nested logit model, this 
choice, which is the first level in the hierarchy, faces the same feasible 
alternatives but is conditional on the number of drivers. The license holding 
component of the structural model defines the probability of a given household 
to have a particular number of persons holding driving license. The choice 
subset is restricted to 0, 1, and 2+ persons holding a driving license. 
 
In these models non-available choices are defined as follows: in the MNL 
models of the number of cars choice, 2+ car alternative is not available for 
households with only one grown-up; in the joint choice model of the number of 
cars and the number of drivers, the alternative of 2+ persons holding driving 
license is not available for households with less than two grown-ups, and the 
alternative of 2+ car is available only if the household has multiple drivers. 
 
 
7.2  Specification of Independent Variables 
 
The specification of independent variables includes what variables that enter the 
models and in which form. In Chapter 6 of Part I variables that may influence 
the household car ownership decision have been analyzed. Since not all data of 
these variables can be or need to be collected, and since there also is 
overlapping impacts of some variables, only a limited number of contributing 
factors are included in the models developed later on. The functional form of 
these variables mainly concerns the non-linearity of the impacts of some of 
these variables, as the marginal utility of them may vary with the level of them. 
Transformation may be needed on such variables. 
 
The first group of variables is alternative specific constant terms. These 
constants measure the pure alternative effects, that is, the attributes of the 
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alternative relative to the one without a constant term that are not measured in 
all other variables. The choice of which utility should not have a constant term 
is completely arbitrary and has no effect on the probabilities of selecting each 
alternative. 
 
Parking cost enters the utility function as both a measure of vehicle cost and an 
index of accessibility. The travel survey data provides the value of parking cost 
only for households owning cars. For those households with no vehicle 
anticipated parking cost needs to be assigned. Using the available data on 
vehicle holders, this anticipated parking cost can be average values of parking 
cost calculated on different bases such as house type, parking type (only for 
Stockholm), zone, commune (only for Gothenburg), or combination of them. 
After examination and comparison of the corresponding model estimation 
results which use different sorts of parking costs calculated as above, parking 
cost based on the zone households reside in appears to be more relevant to car 
ownership behavior of households living in Stockholm, and the one based on 
the combination of commune, zone and house type is most relevant for 
households living in Gothenburg. These two types of average parking cost are 
thus chosen to be the value assigned to the household without any car in 
Stockholm and Gothenburg respectively.  
 
The unit of parking cost entered the model is Swedish crown per month. The 
values of parking cost do not only vary across observations but also vary across 
alternatives. For zero car choice, the attached parking cost is zero; for one car 
choice, it is the lower value of the costs for the first car and the second car; and 
for the two and two more car choice, it is the sum of the parking costs for the 
first and the second cars. 
 
Dummies of separate-family house and linked house enter the utility function to 
capture the effect of house type. Usually, separate-family house has driveways 
with own parking place but low accessibility to public transit; multiple-family 
dwellings are generally characterized by the reverse. Thus one would anticipate 
that, if all else is equal, the utility of multiple-car ownership would be 
substantially higher for those residing in separate-family house than for those 
residing in apartments. 
 
Dummies for own parking place and street parking are included in the model 
with the hypothesis that parking type can be used as a proxy of accessibility. 
Since Gothenburg data does not provide the relevant information for those 
households that do not currently hold a car, this examination is only performed 
in the model based on Stockholm 86/87 data. Households with own parking 
place usually reside in single house located far away from C.B.D., and is thus of 
low accessibility to public transit. A positive coefficient is anticipated for own 
parking place, and a negative one for street parking. 
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The characteristics of household structure are represented by the variables such 
as the number of workers, number of adults, and the number of children. The 
worker defined here can be full time and part time. The adult and the children 
are distinguished by the age of eighteen. A positive contribution of the number 
of workers is expected. With regard to other variables, their roles can be 
twofold.  
 
A dummy for woman household is included to capture the gender effect in car 
ownership behavior. This dummy variable takes the value one if household has 
only one adult and who is female. A negative coefficient is anticipated for this 
variable. 
 
A dummy for summer house takes the value one if household has a summer 
house, and zero otherwise. 
 
In the linear logit models of testing accessibility measures and the age and 
generation effects, total household annual income before tax is directly included 
in the models without any transformation. This simply assumes that any extra 
money is of the same marginal utility independent on the absolute value of 
household income. The unit of income used in the model is 1000 Swedish 
crowns.  
 
To test the non-linearity of the contribution of income in the car ownership 
choice, income is first divided into a number of ranges. The estimation result 
shows that the marginal utility of excess money varies with the level of income. 
In order to figure out a more precise form of the impact of income a Box-Cox 
transformation is employed.  
 
A dummy for company car takes the value one if a household holds any car 
which is provided by employer. 
 
Different monetary inclusive values (logsum) are obtained on conditions of 
different car ownership level. These values are used in their corresponding 
alternatives in the car ownership models. This means, for the zero car 
alternative, the logsum with no car available is used; for the one car alternative, 
the logsum based on one car is used, and for the two cars or more alternative, 
the logsum based on two cars is used. The logsum for the two last alternatives 
will differ only with respect to car competition. 
 
It should be mentioned that, for Gothenburg 89, the logsum value directly 
derived from the travel choice model is for individuals but not for household, as 
the Gothenburg 89 travel choice model is an individual-based one. To obtain the 
logsum for the entire household the logsums for all household members need to 
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be summed up. Unfortunately, not all information needed in the derivation of 
logsum is available for every household member. For example, the dummy 
variable of car for business is included in the mode choice model for work trip, 
which constitutes part of the nested travel choice model from which the logsum 
is derived. The data on this variable is only available for the household member 
that was interviewed. Therefore, an anticipated value needs to be assigned to 
other household members. This is obtained by calculating the average 
proportion of workers with driving license using car for business. The obtained 
values are 0.255 for male worker, and 0.055 for female worker. In order to 
avoid systematic error, these two values are also assigned to those observations 
with this information available. 
 
The age variable is defined to be the mean of the ages of the couple in a family, 
or the age of the single parent, or the age of the eldest person in the other types 
of household. 
 
 



 

 

 
 
 
8 Empirical Results and Discussions 
 
 
This chapter presents the estimation and validation results of car ownership 
models developed in this study. Following the theory described in Chapter 3 of 
Part I, we estimate multinomial logit models for the choice of the number of 
cars and nested logit models for the joint choice of the number of cars and 
driving license holdings. The estimation is carried out with the Alogit software 
(Hague Consulting Group, 1995). All these models are obtained based on a 
systematic process of eliminating variables found to be insignificant and based 
on considerations of parsimony in representation. For the purpose of 
comparison, some insignificant variables are still kept in a number of models, 
and separate parameters for some variables are used although they can be 
constrained to a single one from the statistic point of view. 
 
 
8.1  Models of Car Ownership Level 
 
The choice set of models presented in this section contains zero car, one car, 
and two and more cars. These models focus on the following aspects: (a) 
different accessibility measures and their impacts on the car ownership choice; 
(b) age and generation effects in the car ownership choice; (c) non-linear effects 
of some explanatory variables. 
 
The same specifications are employed to models for Stockholm and Gothenburg 
in order to make comparison and transferability test. Within each subsection 
below, a number of different variable specifications are examined to illustrate 
the modeling efforts. The model which is used as a base for further tests is 
presented first to be the final model. Alternative specifications are presented 
afterwards to make examinations on other possibilities. 
 
 
8.1.1  Different Accessibility Measures and Their Effects 
 
The test of different accessibility measures and their impacts is carried out on 
the data sample of Stockholm 86/87 and Gothenburg 89. In addition to variables 
that are supposed to represent accessibility, variables introduced into the models 
focus on characteristics relating to household structure and socioeconomic 
status, vehicle costs and other incentives. 
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Monetary inclusive values 
 
Table 8.1 gives the final models for this subsection. Monetary inclusive values 
derived from a nested travel choice model are employed as an accessibility 
measure. These values for different trip purposes are summed up and are 
grouped to two variables: one for work trip, and one for other trips. 
 
The result in Table 8.1 shows that woman household, as expected, has a high 
propensity not to acquire a car. This factor has a more significant impact in 
Gothenburg model. Nevertheless, it should be born in mind that the impact of 
this variable can not only be attributed to gender. By definition, woman 
household is of only one adult. The impact of this variable can thus be a mixture 
of both gender and household structure. 
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Table 8.1 Models with separate inclusive values for work trip and other trip 
 
                              Model 1              Model 2       
                            (Stockholm)          (Gothenburg) 
 
Variable                   Parameter t-value   Parameter t-value 
 
Constant 1 car             -1.566    (-5.1)    -1.330    (-6.0)    
Constant 2 cars            -5.564   (-11.6)    -5.035   (-15.1)    
Woman household 0 car       0.4144    (1.9)     0.9019    (6.2)    
Income 1 car                0.006304  (5.1)     0.008029  (8.5)    
Income 2 cars               0.007215  (5.7)     0.008841  (9.1)    
Number of worker 1 car      0.6204    (2.2)     0.8297    (2.6)    
Number of worker 2 cars     1.555     (4.6)     3.546     (9.8)    
Number of adult 1 car       0.2495    (1.3)     0.1909    (1.4)    
Number of adult 2 cars      0.9671    (4.0)     0.5898    (3.3)    
Number of children 1 car    0.1528    (1.9)     0.7300    (5.6)    
Number of children 2 cars   0.2202    (2.0)     0.8532    (6.0)    
Parking cost 1 car         -3.773e-4 (-0.5)    -0.001493 (-2.6)    
Parking cost 2 cars        –0.002844 (-3.7)    -0.004144 (-8.0)    
Summer house 1+ car          0.4235    (2.8)    0.5855    (4.6)    
Company car 2 cars           1.257     (6.5)    1.472    (11.1)    
Logsum of work trip 0 car    0.04498   (5.6)    0.02420   (8.5)    
Logsum of work trip 1 car    0.03606   (4.6)    0.01811   (6.7)    
Logsum of work trip 2 cars   0.03015   (3.9)    0.005719  (2.3)    
Logsum of other trip 0 car   0.09280   (3.8)    0.05427   (9.0)    
Logsum of other trip 1 car   0.08147   (3.7)    0.04357   (8.7)    
Logsum of other trip 2 cars  0.07935   (3.6)    0.04249   (9.0) 
 
Observations                          1724               4132     
Final log(L)                        -1237.7            -2741.5     
D.O.F.                                   21                 21     
Rhoý(0)5                              0.286              0.341      
Rhoý(c)                               0.204              0.287     

 
 
The contribution of income is assumed to be linear in the models formulateed 
here. This means that the marginal utility of income does not vary with the level 
of it. The estimation results of Model 1 and Model 2 show that the multiple car 
choice is more sensitive to the change in income. This is consistent with our 
prior belief, as having one car is more necessary for a household than acquiring 
another car. A further analysis of the functional form of income will be 
provided in section 8.1.3 of Part I. 
 
Household structure such as the number of workers, the number of grown-ups 
and the number of children have generally significant impacts on household car 
ownership, except that the parameter of the number of grown-ups in the first car 
choice is not statistically significant. This can be attributed to its competing 
effect with the variable of the number of workers. For the same reason as 
household income, the second car choice is more sensitive to these variables 

                                                      
5 Rhoý is equivalent to ρ2. 
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than the first car choice for both Stockholm and Gothenburg. It is interesting to 
notice that the number of workers is more important in the second car choice for 
Gothenburg households. 
 
Also, the cost variable, parking cost, has a greater influence on multiple car 
choice. Note that in the first car choice in Model 1, the parameter of parking 
cost is not significant. This can be explained by that parking cost is related with 
household location, and can thus represent accessibility to some extent. 
Therefore, the inclusion of inclusive variables makes it less significant. This is 
confirmed by the result of Model 3 and Model 4 where the inclusive values are 
not included in the models.  
 
Households with summer house are more likely to have cars. This is because 
that these households are normally of good economic situation, and also need to 
transfer goods to the summer house. Widlert (1992) further examined the 
influence of the location of the summer house in his Stockholm car ownership 
model and found that the household with summer house in the Stockholm 
county has a higher propensity to have a car, whereas summer house outside 
this county showed no significant effect. Since the data on summer house 
location is not available for Gothenburg region, this examination is not 
performed here. 
 
Having a company car appears to prompt the household to acquire a second car. 
The reason for it may be that, the person with company car in a household 
always needs it to his work, and another car is thus needed by other persons. 
Besides, company car makes the car ownership cheaper. Households are more 
willing to own a car themselves and keep the company car at the same time. 
 
With regard to the accessibility variables, the monetary inclusive values show 
significant impacts on car ownership choice for both cases of Stockholm and 
Gothenburg. The inclusive values introduced in each utility function are 
separated to one for work trips and one for other trips based on the 
consideration that car demand may have different sensitivities to them. It is also 
tested to constrain the separate weights of logsums for different car ownership 
levels. The result demonstrates that the magnitudes of  the response of different 
car ownership levels are different to the unit change in accessibility. To further 
illustrate these points, we calculate the corresponding elasticity and present 
them in Tables 8.2. 
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Table 8.2a Elasticity of car demand with respect to monetary inclusive values 
for work trip and other trips (Stockholm) 
 
 Inclusive value for 

work trip 
Inclusive value for 

other trips 
       
 0 car 1 car 2+ car 0 car 1 car 2+ car 
       
0 car  2.7943 -2.2678 -0.2731  1.1250 -1.2099 -0.1508 
1 car -0.9551  2.0520 -1.0281 -0.3876  1.0448 -0.5747 
2+ car -0.4615 -4.1735  4.0398 -0.1750 -2.0486  2.2557 
       

 
 
 
Table 8.2b Elasticity of car demand with respect to monetary inclusive values 
for work trip and other trips (Gothenburg) 
 
 Inclusive value for 

work trip 
Inclusive value for 

other trips 
       
 0 car 1 car 2+ car 0 car 1 car 2+ car 
       
0 car  1.5938 -1.2029 -0.0679  1.3634 -1.3072 -0.1940 
1 car -0.4784  1.5441 -0.4011 -0.4152  1.3646 -0.9772 
2+ car -0.1549 -2.2997  0.8675 -0.1204 -1.8590  2.1339 
       

 
 
It can be seen that car demand is generally more sensitive to the accessibility of 
work trips. The cross elasticities are not symmetric. With respect to both direct 
elasticity and cross elasticity, the multiple car choice is the most sensitive one. 
The only exception is the Gothenburg 2+ car choice. No hypothesis has been 
established for that.  
 
The difference in the taste about cars of households living in Stockholm and 
Gothenburg can be partly reflected on the elasticity values as well. Households 
in Stockholm seem to be more easily influenced in choosing a second car, 
showing strong response to the change in accessibility. 
 
To evaluate the gain of introducing the monetary inclusive value as the 
accessibility measure, a comparison is needed between models with and without 
inclusion of this variable. Table 8.3 gives the models with no inclusive values 
included. 
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Table 8.3 Models without including monetary inclusive values 
 
                              Model 3              Model 4       
                            (Stockholm)         (Gothenburg) 
 
Variable                   Parameter t-value    Parameter t-value 
 
Constant 1 car              -0.9528   (-3.3)   -0.6945   (-3.3)    
Constant 2 car              -4.662   (-10.5)   -3.908   (-13.4)    
Woman household 0 car        0.8673    (4.3)    1.050     (7.5)    
Income 1 car                 0.007571  (6.5)    0.008951  (9.6)    
Income 2 cars                0.008186  (6.8)    0.009467 (10.0)    
Number of worker 1 car       0.1633    (1.5)    0.3276    (4.1)    
Number of worker 2 cars      0.5994    (3.8)    1.074    (10.3)    
Number of adult 1 car        0.2361    (1.5)    0.06359   (0.6)    
Number of adult 2 cars       0.9064    (4.4)    0.5743    (4.1)    
Number of children 1 car     0.1870    (2.7)    0.3726    (4.8)    
Number of children 2 cars    0.2525    (2.7)    0.5164    (6.1)    
Parking cost 1 car          -0.001374 (-1.8)   -0.002771 (-5.1)    
Parking cost 2 cars         -0.003726 (-5.1)   -0.005953(-12.1)    
Summer house 1+ car          0.4216    (2.9)    0.5794    (4.7)    
Company car 2 cars           1.281     (7.0)    1.284    (10.1) 
 
Observations                           1724               4132     
Final log(L)                        -1278.7            -2906.8     
D.O.F.                                   15                 15     
Rhoý(0)                               0.263              0.302     
Rhoý(c)                               0.178              0.244     

 
 
Comparing the models in Table 8.1 and those in Table 8.3, one can find that the 
log likelihood values of the models increase to a great extent owing to including 
the monetary inclusive variables. This indicates that this way of incorporating 
accessibility effect via the monetary inclusive variable captures the mechanism 
of the impact of accessibility.  
 
The influence of the inclusion of inclusive values on the parameters of other 
variables is mostly related to the household structural variables. This can be 
explained by that the inclusive value variables are aggregate over all household 
members and are themselves highly correlated with household structural 
variables. For instance, the correlation between work trip inclusive value for 
two and more cars and the number of workers is 0.97 and 0.98 for Stockholm 
and Gothenburg respectively. There are thus competing effects from theses 
variables which will affect their estimated parameters. Since the utility of 
household members using car for travel have been explicitly included in the 
model via the inclusive value, the impacts of the household structural variables 
are more genuine in such a case. 
 
With no inclusion of inclusive variables, the impact of parking cost becomes 
more significant. This demonstrates that parking cost can represent the 
accessibility to some extent, but is not highly correlated with accessibility. 
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Han and Algers (1996) constrained separate parameters for work trip inclusive 
variable and other trip inclusive variable to a single one. The inclusive value 
included was thus a sum for all trip purposes. For the purpose of comparison, 
we rerun the same model specification and present the models in Table 8.4. The 
only difference is that the households with no working members are included 
here. 
 
 
Table 8.4 Models with inclusive values of all trip purposes 
 
                                Model 5              Model 6       
                              (Stockholm)         (Gothenburg) 
 
Variable                   Parameter  t-value  Parameter t-value 
 
Constant 1 car              -1.575    (-5.1)    -1.255    (-5.7)   
Constant 2 car              -5.654   (-11.8)    -5.282   (-16.0)   
Woman household 0 car        0.4026    (1.9)     0.8998    (6.2)   
Income 1 car                 0.006661  (5.5)     0.008207  (8.8)   
Income 2 cars                0.007571  (6.0)     0.008998  (9.4)   
Number of worker 1 car       0.3443    (1.8)     0.7326    (4.4)   
Number of worker 2 cars      1.112     (4.6)     2.076    (10.9)   
Number of adult 1 car        0.3904    (2.4)     0.2681    (2.2)   
Number of adult 2 cars       1.201     (5.5)     1.195     (7.7)   
Number of children 1 car     0.1409    (2.0)     0.5607    (6.0)   
Number of children 2 cars    0.2453    (2.6)     0.9226    (9.2)   
Parking cost 1 car          -2.301e-4 (-0.3)    -0.001371 (-2.4)   
Parking cost 2 cars         -0.002858 (-3.8)    -0.004384 (-8.5)   
Summer house 1+ car          0.4495    (3.0)     0.6056    (4.8)   
Company car 2 cars           1.281     (6.6)     1.454    (11.0)   
Logsum of all trip 0 car     0.05102   (7.4)     0.02720  (12.4)   
Logsum of all trip 1 car     0.04341   (6.9)     0.02111  (10.8)   
Logsum of all trip 2 cars    0.03861   (6.2)     0.01516   (8.4) 
 
Observations                           1724                4132    
Final log(L)                        -1240.1             -2788.5    
D.O.F.                                   18                  18    
Rhoý(0)                               0.285               0.330    
Rhoý(c)                               0.203               0.275    

 
 
Model 5 exhibits little loss without using separate parameters for work trip and 
other trips inclusive variables. The null hypothesis is accepted with the chi-
square test, implying that the constrained model is not inferior to the 
unconstrained model. Reverse result is displayed for Gothenburg model. The 
improvement in model performance is dramatic, showing great significance 
using separate inclusive values for work trip and other trips. A test which 
constrains the parameters of the all trip logsums to have the same value in 
different alternatives also shows that it is significant to attach separate weights 
to them. 
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It is plausible that work trip is a primary trip purpose and the inclusive value of 
it may be supposed to dominate the influence of accessibility. The household-
based Stockholm Model System SIMS (Algers S. et al 1995) included a car 
ownership model that was linked to the work trip accessibility only. A similar 
test is also made in this study. Table 8.5 gives the result. 
 
 
Table 8.5 Models with only work trip inclusive value  
 
                                Model 7              Model 8       
                              (Stockholm)         (Gothenburg) 
 
Variable                   Parameter t-value   Parameter t-value 
 
Constant 1 car              -1.514    (-4.9)    -1.187    (-5.4)   
Constant 2 car              -5.484   (-11.5)    -4.755   (-14.4)   
Woman household 0 car        0.4440    (2.1)     0.8985    (6.2)   
Income 1 car                 0.007081  (5.9)     0.008513  (9.2)   
Income 2 cars                0.007980  (6.4)     0.009319  (9.8)   
Number of worker 1 car       0.1380    (0.6)     0.4996    (1.7)   
Number of worker 2 cars      1.068     (3.7)     2.768     (8.8)   
Number of adult 1 car        0.4891    (2.9)     0.2985    (2.5)   
Number of adult 2 cars       1.206     (5.4)     0.8739    (5.6)   
Number of children 1 car     0.1014    (1.4)     0.3126    (3.9)   
Number of children 2 cars    0.1458    (1.5)     0.4197    (4.8)   
Parking cost 1 car          -1.821e-4 (-0.2)    -0.001551 (-2.7)   
Parking cost 2 cars         -0.002712 (-3.6)    -0.003917 (-7.7)   
Summer house 1+ car          0.4751    (3.2)     0.6157    (4.9)   
Company car 2 cars           1.303     (6.8)     1.458   (11.0)   
Logsum of work trip 0 car    0.05280   (6.9)     0.02899  (10.7)   
Logsum of work trip 1 car    0.04640   (6.4)     0.02399   (9.4)   
Logsum of work trip 2 cars   0.04001   (5.6)     0.01284   (5.5) 
 
Observations                          1724                4132    
Final log(L)                        -1245.9             -2788.6    
D.O.F.                                   18                  18    
Rhoý(0)                               0.282               0.330    
Rhoý(c)                               0.199               0.275    

 
 
There is little loss for the Stockholm model in terms of log likelihood value 
owing to including work trip inclusive value only instead of the one for all trip 
purposes. For Gothenburg, the same log likelihood value is obtained. Also note 
that, in Model 1 and Model 2, the inclusive variable of other trips remains 
significant with the inclusive variable of work trip included in the same model 
but separately, and the model performance is much better for the Gothenburg 
case. Therefore, it can be concluded that, if there is relevant information 
available, including work trip logsum and other trip logsum with separate 
weights will produce the best model. Otherwise, work trip accessibility is highly 
correlated with car demand and is preferable to be included only. Constraining 
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work trip logsum and other trip logsum to have the same weight does not turn 
out to be superior to setting the weight of other trip accessibility to zero. 
 
 
Other accessibility measures 
 
Having come to the conclusion that the monetary inclusive value is a good 
accessibility measure, we use it as a reference to evaluate other possible 
accessibility indices. 
 
As has been stated in section 7.2 of Part I, house type, parking type and parking 
cost is often related to the geographic location of household, and can thus 
reflect the variation in the level of service of various transport modes. Besides, 
different house type often implies different parking conditions, which will also 
influence the household car ownership decision. In the following, the possibility 
of using them as accessibility indices are examined. 
 
Tables 8.6 and Table 8.7 give the models with inclusion of house type and 
parking type respectively. Since the anticipated parking type information is not 
available for zero car households in Gothenburg, the examination on parking 
type is only performed to the Stockholm sample. 
 
 



Part I  Car Ownership 
 

76  

Table 8.6a Test of the possibility of using house type as accessibility proxy 
(Stockholm) 
 
                              Model 9              Model 10       
 
Variable                   Parameter t-value   Parameter t-value 
 
Constant 1 car            -1.060    (-3.7)     -1.546    (-5.1)   
Constant 2 cars           -5.441   (-11.9)     -6.124   (-12.6)   
Woman household 0 car      0.8297    (4.0)      0.4464    (2.1)   
Income 1 car               0.006529  (5.4)      0.005416  (4.3)   
Income 2 cars              0.007157  (5.7)      0.006305  (4.8)   
Number of worker 1 car     0.1635    (1.4)      0.4190    (1.5)   
Number of worker 2 cars    0.6433    (3.9)      1.334     (3.9)   
Number of adult 1 car      0.1868    (1.2)      0.1927    (1.0)   
Number of adult 2 cars     0.7568    (3.6)      0.8163    (3.3)   
Number of children 1 car   0.1459    (2.1)      0.1394    (1.7)   
Number of children 2 cars  0.1771    (1.9)      0.1767    (1.6)   
Single house 1 car         1.038     (5.3)      0.7789    (3.7)   
Single house 2 cars        2.247     (8.8)      1.867     (6.9)   
Linked house 1 car         0.7665    (3.3)      0.5581    (2.3)   
Linked house 2 cars        1.181     (3.9)      0.8374    (2.6)   
Summer house 1+ car        0.4601    (3.1)      0.4138    (2.7)   
Company car 2 cars         1.189     (6.5)      1.175     (6.0)   
Logsum of other trip 0 car                      0.09315   (3.8)   
Logsum of other trip 1 car                      0.08194   (3.7)   
Logsum of other trip 2 cars                     0.08016   (3.6)   
Logsum of work trip 0 car                       0.03814   (4.7)   
Logsum of work trip 1 car                       0.03202   (4.1)   
Logsum of work trip 2 cars                      0.02688   (3.5)   
 
Observations                          1724                1724    
Final log(L)                       -1246.0             -1215.7    
D.O.F.                                  17                  23    
Rhoý(0)                              0.282               0.299    
Rhoý(c)                              0.199               0.218 
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Table 8.6b Test of the possibility of using house type as accessibility proxy 
(Gothenburg) 
 
                                Model 11           Model 12      
 
Variable                   Parameter t-value    Parameter t-value 
 
Constant 1 car             -0.9456   (-4.6)     -1.490    (-6.9)   
Constant 2 cars            -5.199   (-17.4)     -6.091   (-17.8)   
Woman household 0 car       1.079     (7.6)      0.9240    (6.3)   
Income 1 car                0.008238  (8.6)      0.007376  (7.6)   
Income 2 cars               0.008552  (8.8)      0.008016  (8.1)   
Number of worker 1 car      0.4060    (5.0)      0.6733    (2.0)   
Number of worker 2 cars     1.184    (11.1)      3.203     (8.7)   
Number of adult 1 car      -0.08846  (-0.8)     -0.03668  (-0.3)   
Number of adult 2 car       0.3508    (2.4)      0.3288    (1.8)   
Number of children 1 car    0.3249    (4.1)      0.5985    (4.7)   
Number of children 2 cars   0.4580    (5.2)      0.7131   (5.1)   
Single house 1 car          1.176     (8.7)      1.101     (7.4)   
Single house 1 car          2.659    (15.9)      2.245    (12.0)   
Linked house 1 car          1.133     (5.0)      0.9162    (3.9)   
Linked house 1 car          1.851     (7.2)      1.493     (5.6)   
Summer house 1+ car         0.6587    (5.2)      0.6481    (5.0)   
Company car 2 cars          1.220     (9.6)      1.399    (10.5)   
Logsum of other trip 0 car                       0.05564   (9.3)   
Logsum of other trip 1 car                       0.04673   (9.2)   
Logsum of other trip 2 cars                      0.04574   (9.6)   
Logsum of work trip 0 car                        0.02248   (7.8)   
Logsum of work trip 1 car                       0.01826   (6.7)   
Logsum of work trip 2 cars                       0.007098  (2.8)   
 
Observations                           4132                 4132   
Final log(L)                        -2832.5              -2694.1   
D.O.F.                                   17                   23   
Rhoý(0)                               0.319                0.353   
Rhoý(c)                               0.263                0.299   
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Table 8.7 Test of the possibility of using parking type as accessibility proxy 
(Stockholm) 
 
                               Model 13             Model 14      
 
Variable                   Parameter t-value   Parameter t-value 
 
Constant 1 car             -0.8378   (-2.9)     -1.313    (-4.2)   
Constant 2 cars            -5.197   (-11.4)     -5.874   (-12.0)   
Woman household 0 car       0.8478    (4.1)      0.4743    (2.2)   
Income 1 car                0.006648  (5.5)      0.005417  (4.3)   
Income 2 cars               0.007194  (5.8)      0.006259  (4.8)   
Number of worker 1 car      0.1989    (1.8)      0.4206    (1.5)   
Number of worker 2 cars     0.6535    (4.0)      1.371     (4.0)   
Number of adult 1 car       0.1251    (0.8)      0.1113    (0.6)   
Number of adult 2 cars     0.7480    (3.6)      0.7911    (3.2)   
Number of children 1 car    0.1399    (2.0)      0.1304    (1.6)   
Number of children 2 cars   0.1917    (2.1)      0.1955    (1.8)   
Own parking 1 car           0.6877    (4.2)      0.5068    (2.9)   
Own parking 2 cars          1.525     (6.7)      1.245     (5.3)   
Street parking 1 car       -0.6484   (-3.5)     -0.6319   (-3.2)   
Street parking 2 cars      -0.5356   (-1.4)     -0.3997   (-1.0)   
Summer house 1+ car         0.4756    (3.2)      0.4242    (2.8)   
Company car 2 cars          1.277     (7.0)      1.274     (6.6)   
Logsum of other trip 0 car                       0.09834   (4.0)   
Logsum of other trip 1 car                       0.08652   (3.9)   
Logsum of other trip 2 cars                      0.08389   (3.8)   
Logsum of work trip 0 car                        0.03656   (4.5)   
Logsum of work trip 1 car                        0.03094   (3.9)   
Logsum of work trip 2 cars                       0.02520   (3.3)   
 
Observations                          1724                 1724    
Final log(L)                       -1258.2              -1225.0    
D.O.F.                                  17                   23    
Rhoý(0)                             0.275                0.294    
Rhoý(c)                              0.191                0.213    

 
 
The results in Tables 8.6 and Table 8.7 show that house type and parking type 
give significant contributions to the car ownership choice model. In particular, 
households residing in a separate house and having an own parking place 
appear to have an extremely high propensity of owning multiple cars. The 
impacts of these variables remain largely significant also after the inclusion of 
the logsum variable. This indicates that house type and parking type are not so 
highly correlated with accessibility. It is thus not suitable to use them as 
accessibility proxies. 
 
After these tests above, it appears that none of parking cost, parking type and 
house type is a desirable accessibility proxy. However, it is reasonable to 
assume that there is high correlation among them. To look into it, every two of 
them are included together in the same model. Table 8.8 presents the relevant 
findings. 
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Table 8.8 Relation among house type, parking type and parking cost 
(Stockholm) 
 
                          Model 15        Model 16        Model 17 
 
Variable                Param t-value   Param t-value   Param t-value 
 
Constant 1 car        -0.7704   (-2.5) -1.111   (-3.8) -0.8426  (-2.9)  
Constant 2 cars       -4.764   (-10.0) -5.288  (-11.2) -5.242  (-11.3)  
Woman household 0 car  0.8489    (4.1)  0.8299   (4.0)  0.8437   (4.1)  
Income 1 car           0.006655  (5.6)  0.006475 (5.3)  0.006404 (5.3)  
Income 2 cars          0.007199  (5.8)  0.007111 (5.6)  0.007027 (5.6)  
No of worker 1 car     0.1939    (1.7)  0.1673   (1.5)  0.1867   (1.6) 
No of worker 2 cars    0.6389    (3.9)  0.6421   (3.9)  0.6665   (4.0)  
No of adult 1 car      0.1257    (0.8)  0.1843   (1.1)  0.1330   (0.8)  
No of adult 2 cars     0.7553    (3.6)  0.7634   (3.6)  0.7047   (3.3)  
No of children 1 car   0.1384    (2.0)  0.1453   (2.1)  0.1248   (1.8)  
No of children 2 cars  0.1817    (1.9)  0.1764   (1.9)  0.1574   (1.7) 
Parking cost 1 car    -6.765e-4 (-0.8)  6.444e-4 (0.8)      
Parking cost 2 cars   -0.002350 (-2.9) -8.121e-4(-1.0)      
Own parking 1 car      0.6353    (3.6)                  0.09042  (0.4)  
Own parking 2 cars     1.165     (4.6)                  0.1701   (0.5)  
Street parking 1 car  -0.6874   (-3.5)                 -0.6325  (-3.4)  
Street parking 2 car  -0.8020   (-2.0)                 -0.5892  (-1.5)  
Summer house 1+ car    0.4885    (3.3)  0.4589   (3.1)  0.4935   (3.3)  
Company car 2 cars     1.256     (6.9)  1.187    (6.4)  1.193    (6.5)  
Single house 1 car                      1.096    (5.2)  0.8522   (2.9)  
Single house 2 cars                     2.091    (7.2)  2.000    (5.2)  
Linked house 1 car                      0.8160   (3.4)  0.6023   (2.1)  
Linked house 2 cars                     1.047    (3.2)  0.9679   (2.5)  
 
Observations                     1724            1724            1724 
Final log(L)                  -1253.1         -1244.6         -1239.9 
D.O.F.                             19              19              21 
Rhoý(0)                         0.277           0.282           0.285 
Rhoý(c)                         0.194           0.200           0.203 

 
 
The result in Table 8.8 shows that the coefficient for parking cost in multiple 
car choice and the coefficients for parking type are still significant when they 
are included in the same model, which means that these two variables capture 
different effects to some extent. The coefficients for parking cost and own 
parking place become statistically insignificant with the inclusion of house type, 
and the house type remains significant in all of the models. This demonstrates 
that parking cost and parking type are highly correlated with house type, and 
house type can represent more than they do. 
 
 
Model validation 
 
An important aspect in evaluating the performance of a model is to test its 
ability of making predictions. This can be easily carried out with the assistance 
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of the ALOGIT software. For clarification, these calibration results are 
presented in tables for the defined household segments with respect to a number 
of explanatory variables. These tables are put in the Appendix I. Table 1 
through Table 4 give the validation results for Model 1. Table 5 through Table 8 
give the validation results for Model 2. 
 
Model 1 generally gives good validation results with respect to household 
structural variables. However, it exhibits big difference between observation 
and prediction in one-car demand for households with more than two adults and 
non car choice for households with age between 50 and 65. This suggests that 
households with children over 18 years old may have different pattern in 
acquiring cars; More old households than predicted will still keep their cars 
before retirement.  
 
Model 2 shows bad prediction on multiple car demand with respect to the 
number of workers. No hypothesis has been established for that yet. There is 
also an over prediction of old households in the multiple car segment. Note that 
the sample size of this segment is small. 
 
It is also demonstrated in both models that taking household income as a linear 
variable in car ownership model may lead to very biased predictions. The 
variation of the difference between the observation and the prediction is U-
shaped, implying that this variation might be possible to capture by some sort of 
transformation. 
 
 
8.1.2  Age and Generation Effects 
 
In general, young households and old households are less likely to hold a car 
than other households. This can be due to both an age effect and their socio-
economic status. It is interesting to notice that, as it has been illustrated in 
Figure 6.1, the car ownership propensity of these age groups has been changing 
over time. This is more obvious for the old age group in Stockholm, where the 
proportion of households with mean age older than 64 choosing to have a car 
has increased from 35,6% in 1984 to 58% in 1995. 
 
The variation of car ownership behavior over time of the people who have the 
same age can be explained by the generation effect, where the younger 
generations are more likely to acquire a car and keep it as they get older. In 
order to capture such a generation effect, all data sets were put together to one 
data set, thus containing four data sets from Gothenburg and four data sets from 
Stockholm. The estimation result based on this data set is presented in Table 
8.9. 
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Model 18 is differentiated on Gothenburg and Stockholm by the alternative 
specific constants. The model includes three dummy variables for age, 
constrained to be the same for all data sets (as are the other parameters). Only 
the variable indicating an average household age over 64 years is close to be 
significantly different from zero at the normal risk level, and increases the 
probability not to have a car. 
 
 
Table 8.9 Test of age and generation effect 
 
                                 Model 18            Model 19      
 
Variable                    Parameter  t-value  Parameter  t-value 
 
Constant1 Gbg                  -1.823   (-21.1)   -2.030   (-19.8)  
Constant2 Gbg                  -5.395   (-34.4)   -5.826   (-30.7)  
Constant1 Sth                  -2.195   (-24.3)   -2.331   (-22.4)  
Constant2 Sth                  -6.201   (-38.4)   -6.698   (-32.7)  
Income 1 car                    0.007400 (17.7)    0.008290 (16.3)  
Income 2 car                    0.007712 (17.4)    0.008640 (16.2)  
Number of worker 1 car          0.3139    (7.0)    0.3205    (6.5)  
Number of worker 2 cars         0.7218   (12.7)    0.7588   (12.0)  
Number of adult 1 car           0.7239   (14.5)    0.7874   (14.2)  
Number of adult 2 cars          1.244    (18.3)    1.339    (17.7)  
Number of children 1 car        0.2003    (5.9)    0.2127    (5.6)  
Number of children 2 cars       0.2597    (6.5)    0.2760    (6.2)  
Single or linked house 1 car    1.217    (19.1)    1.330    (18.2)  
Single or linked house 2 cars   2.469    (29.3)    2.667    (26.9)  
Company car 2 cars              1.135    (15.4)    1.207    (15.0)  
Age 35-49 0 car                -0.07045  (-1.0)   -0.1603   (-1.9)  
Age 50-64 0 car                -0.05842  (-0.8)   -0.2517   (-1.9)  
Age > 64  0 car                 0.1723    (1.9)   -0.3293   (-2.0)  
Age > 64  2 cars               -1.206    (-7.5)   -1.238    (-7.3)  
Birth year < 1920   0 car                          0.7237    (4.3)  
Birth year 1920-45  0 car                          0.2084    (1.9)  
Scale                                              0.8411   (26.4)  
 
Observations                             12876               12876  
Final log(L)                           -9378.0             -9357.5  
D.O.F.                                      19                  22  
Rhoý(0)                                  0.274               0.276  
Rhoý(c)                                  0.216               0.218  

 
 
It can of course be questioned whether all data sets can be assumed to have the 
same scale factor (equivalent to assuming that the variance in the stochastic part 
of the utility function is the same in all data sets). This was tested by estimating 
a model allowing for separate scale parameters for different data sets. The 
outcome of this test was that no single data set had a scale parameter that 
differed significantly from one (relative to the Gothenburg 1984 data set). They 
varied between 0.88 and 1.14. However, a test allowing for a scale parameter 
related to Stockholm versus Gothenburg showed a significant improvement of 
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the model. In Model 19, the specification is elaborated by the inclusion of this 
scale parameter, indicating that the variance in the Stockholm data is somewhat 
larger.  
 
In order to test if the propensity to own one or more cars changes over time for 
different age groups, dummy variables indicating birth year were introduced. 
The inclusion of these variables also interact with the age variables, and the 
result is that the age parameters now form a pattern of a car ownership ”build-
up” period (household age is less than 35 years), when car ownership is 
relatively lower, and a period after that within which there is no significant 
change with age. The birth year parameters however show a significant 
reduction of the propensity to own a car for households with an average birth 
year before 1920, and a moderate reduction for those with a birth year between 
1920 and 1945 is close to be significant. The definition of the age groups is of 
course somewhat arbitrary, and variations in the definition give slightly 
different results. There seems however to be a stable generation effect for the 
segment with an average birth year of 1920. 
 
 
8.1.3  Non-linear Effect from Explanatory Variables 
 
The models that have been formulateed so far are based on linear-in-parameters 
utility functions with linear specification of explanatory variables, which 
implies that the contributions of these variables do not vary with the level of 
them. This is often not the case where the marginal utilities of some variables 
are not constant. In the remainder of this section, a comprehensive analysis on 
the income functional form is carried out. 
 
 
Box-Cox transformation  
 
The estimation result of model with Box-Cox transformation of income is 
presented in Table 8.10. The model specifications are the same as the in final 
car ownership level models, Model 1 and Model 2, except the transformation on 
income. 
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Table 8.10 Box-Cox logit model (grouped lambda) 
 
                                Model 20             Model 21     
                              (Stockholm)          (Gothenburg) 
 
Variable                   Parameter  t-value   Parameter  t-value 
 
Constant 1 car               -3.267    (-7.4)     -1.245    (-5.7)   
Constant 2 cars              -7.996   (-11.9)     -6.304   (-16.7)   
Woman household 0 car         0.3774    (1.7)      0.8903    (6.0)   
Income 1 car                  0.2496    (6.4)      1.364     (8.2)   
Income 2 cars                 0.3258    (6.6)      3.190    (12.5)   
Number of worker 1 car        0.5842    (2.0)      0.8220    (2.6)   
Number of worker 2 cars       1.492     (4.4)      3.507     (9.8)   
Number of adult 1 car         0.2358    (1.3)     0.2811    (2.0)   
Number of adult 2 cars        0.9564    (4.0)      0.6283    (3.5)   
Number of children 1 car      0.1683    (2.0)      0.7236    (5.7)   
Number of children 2 cars     0.2453    (2.3)      0.8506    (6.1)   
Parking cost 1 car           -3.435e-4 (-0.4)     -0.001551 (-2.7)   
Parking cost 2 cars          -0.002767 (-3.6)     -0.003935 (-7.7)   
Summer house 1+ car           0.4368    (2.8)      0.5906    (4.6)   
Company car 2 cars            1.244     (6.4)      1.303     (9.7)   
Logsum of other trip 0 car    0.09132   (3.8)      0.05711   (9.5)   
Logsum of other trip 1 car    0.08008   (3.7)      0.04644   (9.2)   
Logsum of other trip 2 cars   0.07748   (3.5)      0.04515   (9.5)   
Logsum of work trip 0 car     0.04435   (5.5)      0.02544   (8.9)   
Logsum of work trip 1 car     0.03542   (4.5)      0.01968   (7.2) 
Logsum of work trip 2 cars    0.02955   (3.8)      0.006363  (2.5) 
Lambda (t value wrt 0)        0.289     (1.7)      -0.069  (-0.59) 
       (t value wrt 1)                 (4.25)              (-9.12) 
 
Observations                             1724                 4132   
Final log(L)                          -1230.9              -2706.1   
D.O.F.                                     21                   21   
Rhoý(0)                                 0.290                0.350   
Rhoý(c)                                 0.209                0.296   

 
 
The optimal value of Box-Cox transformation for Gothenburg approaches zero 
(the logarithmic case) and differs significantly from one (the linear case). For 
Stockholm, the order λ  = 0.289 differs from both zero and one. Since λ  is 
smaller than one, it implies that the impact of income changes decreases with 
income level. It is shown that, by the test which is not presented here,  ±10% of 
lambda value does not generate a significant impact on the model. 
 
It is also tested to give separate transformations to income variable in one-car 
alternative and multi-car alternative (see Table 8.11). The obtained two values 
are fairly close to each other in the Stockholm model. The model is not 
improved. For Gothenburg, the orders of Box-Cox transformation in the two 
alternatives are quite different. The model is improved to a fairly large extent in 
terms of log likelihood value. However, this may be only suitable to the 
particular case here. Generally, model with more parameters will fit a specific 
data set better but will be subject to the restriction of particularity. If there is no 
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reasonable justification, a simple model is preferred for the purpose of 
application. Meanwhile, it is also shown that there is no big difference between 
the aggregate average elasticity of income in these two alternatives. Therefore, 
the model with single lambda value is chosen to be used for Gothenburg model. 
 
 
Table 8.11 Box-Cox logit model with separate lambda value  
 
                                Model 22             Model 23     
                              (Stockholm)          (Gothenburg) 
 
Variable                   Parameter  t-value   Parameter  t-value 
 
Constant 1 car               -3.462    (-7.4)     -1.958    (-8.2)   
Constant 2 cars              -7.751   (-12.0)     -9.138   (-18.5)   
Woman household 0 car         0.3770    (1.7)      0.8788    (6.0)   
Incom 1 car                   0.2984    (6.4)      0.08312   (9.6)   
Income 2 cars                 0.2898    (6.6)      1.544    (13.1)   
Number of worker 1 car        0.5835    (2.0)      0.8022    (2.5)   
Number of worker 2 cars       1.498     (4.4)      3.473     (9.6)   
Number of adult 1 car         0.2347    (1.3)      0.2440    (1.8)   
Number of adult 2 cars        0.9535    (3.9)      0.5905    (3.3)   
Number of children 1 car      0.1691    (2.0)      0.7296    (5.7)   
Number of children 2 cars     0.2442    (2.2)      0.8516    (6.0)   
Parking cost 1 car           -3.404e-4 (-0.4)     -0.001569 (-2.7)   
Parking cost 2 cars          -0.002779 (-3.6)     -0.003842 (-7.5)   
Summer house 1+ car           0.4385    (2.9)      0.5789    (4.5)   
Company car 2 cars            1.244     (6.4)      1.281     (9.5)   
Logsum of other trip 0 car    0.09143   (3.8)      0.05625   (9.3)   
Logsum of other trip 1 car    0.08018   (3.7)      0.04553   (9.0)   
Logsum of other trip 2 cars   0.07767   (3.6)      0.04434   (9.3)   
Logsum of work trip 0 car     0.04433   (5.5)      0.02597   (9.0)   
Logsum of work trip 1 car     0.03541   (4.5)      0.01997   (7.3)   
Logsum of work trip 2 cars    0.02953   (3.8)      0.006538  (2.6)   
Lambda 1 car (t value wrt 0)  0.253     (1.5)      0.528    (3.99) 
             (t value wrt 1)           (4.41)                (5.3) 
Lambda 2 cars (t value wrt 0) 0.305     (1.2)      0.119    (0.72) 
              (t value wrt 1)          (2.74)              (3.57)   
 
Observations                            1724                 4132    
Final log(L)                         -1230.6              -2694.4    
D.O.F.                                    21                   21    
Rhoý(0)                                0.290                0.353    
Rhoý(c)                                0.209                0.299 

 
 
Since the obtained lambda values are not statistically significant different from 
zero, it is hypothesized that the logarithmic transformation on income does not 
generate much difference. This is confirmed by the estimation results of  Model 
24 and Model 25 (see Table 8.12). The loss in the likelihood value is only 
marginal for Stockholm, and there is nearly no difference between two 
transformed models for Gothenburg. This suggests that a simple log 
transformation can be a good approximation in capturing the nonlinear impact 
of income in the case studied here. 
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Table 8.12 Models with logarithmic transformation on income 
 
                                Model 24             Model 25     
                              (Stockholm)          (Gothenburg) 
 
Variable                   Parameter  t-value   Parameter  t-value 
 
Constant1 car                -0.5119   (-1.6)     -1.743    (-7.4)  
Constant 2 cars              -4.390    (-9.1)     -7.280   (-17.5)  
Woman household 0 car         0.3983    (1.8)      0.8857    (6.0)  
Income 1 car                  0.9239    (6.1)      1.008     (8.3)  
Income 2 cars                 1.276     (5.8)      2.222    (12.5)  
Number of worker 1 car        0.6156    (2.1)      0.8169    (2.6)  
Number of worker 2 cars       1.519     (4.4)      3.503     (9.8)  
Number of adult 1 car         0.2499    (1.3)      0.2719    (2.0)  
Number of adult 2 cars        0.9738    (4.0)      0.6197    (3.4)  
Number of children 1 car      0.1707    (2.0)      0.7237    (5.7)  
Number of children 2 cars     0.2491    (2.3)      0.8510    (6.1)  
Parking cost 1 car           -3.494e-4 (-0.4)     -0.001551 (-2.7)  
Parking cost 2 cars          -0.002787 (-3.6)     -0.003949 (-7.7)  
Summer house 1+ car           0.4522    (2.9)      0.5881    (4.6)  
Company car 2 cars            1.246     (6.4)      1.306     (9.7)  
Logsum of other trip  0 car   0.09414   (3.9)      0.05692   (9.4)  
Logsum of other trip 1 car    0.08284   (3.8)      0.04626   (9.1)  
Logsum of other trip 2 cars   0.08019   (3.7)      0.04498   (9.4)  
Logsum of work trip 0 car     0.04418   (5.5)      0.02543   (8.9)  
Logsum of work trip 1 car     0.03522   (4.5)      0.01964   (7.2)  
Logsum of work trip 2 cars    0.02942   (3.8)      0.006358  (2.5)  
 
Observations                             1724                 4132  
Final log(L)                          -1232.5              -2706.2  
D.O.F.                                     21                  21  
Rhoý(0)                                 0.289                0.350  
Rhoý(c)                                 0.208                0.296  

 
 
Piecewise linear approximation  
 
Piecewise linear approximation is used to test the hypothesis that the weights 
for income may have different values depending on income level. Household 
income is divided into a number of ranges. Table 8.13 presents the running 
results. 
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Table 8.13 Model with piecewise linear approximation of income  
 
                                Model 25             Model 26     
                               (Stockholm)         (Gothenburg) 
 
Variable                    Parameter  t-value   Parameter  t-value 
 
Constant 1 car               -2.263    (-6.5)     -1.525    (-6.1)    
Constant 2 cars              -4.895    (-7.5)     -6.591   (-11.5)    
Woman household               0.2191    (1.0)      0.8633    (5.9)    
Number of worker 1 car        0.4619    (1.6)      0.7594    (2.4)    
Number of worker 2 cars       1.426     (4.1)      3.442     (9.5)    
Number of adult 1 car         0.1960    (1.1)      0.2184    (1.6)    
Number of adult 2 cars        0.8110    (3.4)      0.5537    (3.0)    
Number of children 1 car      0.1594    (1.9)      0.7264    (5.6)    
Number of children 2 cars     0.2442    (2.3)      0.8503    (6.0)    
Parking cost 1 car           -4.210e-4 (-0.5)     -0.001569 (-2.7)    
Parking cost 2 cars          -0.002601 (-3.4)     -0.003826 (-7.5)    
Summer house 1+ car           0.4265    (2.7)      0.5737    (4.5)    
Company car 2 cars            1.169     (5.8)      1.264     (9.3)    
Logsum of other trip 0 car    0.09023   (3.7)      0.05528   (9.1)    
Logsum of other trip 1 car    0.07938   (3.6)      0.04466   (8.8)    
Logsum of other trip 2 cars   0.07562   (3.5)      0.04358   (9.1)    
Logsum of work trip 0 car    0.04526   (5.6)      0.02642   (9.1)    
Logsum of work trip 1 car     0.03670  (4.6)      0.02043   (7.4)    
Logsum of work trip 2 cars    0.03038   (3.9)      0.006889  (2.7)    
Income 0-200 kkr 1 car        0.01331   (7.1)      0.009161  (6.7)    
Income 200-300 kkr 1 car      0.002848  (0.7)      0.007968  (2.8)    
Income 300-400 kkr 1 car     -0.01003  (-1.6)      0.005541  (1.0)    
Income >400 kkr 1 car         0.001770  (0.9)     -5.009e-5 (-0.1)    
Income 0-200 kkr 2 cars      0.006147  (2.0)      0.01779   (6.2)    
Income 200-300 kkr 2 cars     0.01445   (3.2)      0.01422   (4.6)    
Income 300-400 kkr 2 cars    -0.01163  (-1.7)      0.01136   (2.0)    
Income >400 kkr 2 cars        0.002194  (1.1)     -2.370e-4 (-0.4)    
 
Observations                           1724                 4132     
Final log(L)                         -1213.2              -2689.1     
D.O.F.                                    27                   27     
Rhoý(0)                                0.300                0.354     
Rhoý(c)                                0.220                0.301     

 
 
It is shown that the coefficients of income vary over different income ranges. 
The marginal utility of income appears to be concave in Gothenburg model. For 
Stockholm, however, the variation of income marginal utility does not follow a 
monotonically decreasing function. One hypothesis is that this is because of the 
interaction of income with household structure. In Sweden, for a household with 
income over a certain level, the tax will be different if it is earned by a single 
person or multiple persons. Besides, a larger household needs higher 
expenditure on other essential goods and thus leaves less money for travel. To 
incorporate this, a dummy variable indicating whether a household has one 
adult or more is introduced into the model in combination with income variable. 
Unfortunately, the estimation results demonstrate that, in terms of log likelihood 
value, such a model is only superior for the Gothenburg case but not for 
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Stockholm. Since the definition of income variable has been changed, the 
likelihood test is not enough to judge which model is better. 
 
Although the number of income ranges and the endpoints of the ranges are 
decided here based on the apply results of the restricted and unrestricted 
models, such decisions are still somewhat arbitrary. This yields the 
disadvantage of piecewise linear approximation approach, especially with 
regard to the decision of the number of ranges. A large number of ranges causes 
a large loss of degrees of freedom and potentially a very small number of 
observations in some of the ranges. On the other hand, significant non-linearity 
may be concealed with a small number of ranges.  
 
 
Model validation 
 
The Box-Cox logit model is validated with respect to only household income, as 
the only change in the model specification is the transformation on income 
compared with the final linear model. The validation result is presented in Table 
9 and Table 10 in Appendix I. It can be seen that much better predictions are 
obtained owing to the transformation on income. Especially for the Gothenburg 
model, the improvement is considerable. 
 
 
8.2  Combined Choice Models of Car Ownership Level and 

Driving License Holdings 
 
To analyze the interdependence between households choices of the number of 
cars and driving license holding, nested logit models are developed regarding 
these two choices being static and simultaneous. At first, models were 
constructed with the two-level structure shown in Figure 5.1, where the choice 
of driving license holding is conditional on the choice of the number of cars. 
The consequent estimation result showed the scale factor being much greater 
than one. The model structure is thus reversed which takes the choice of driving 
license holdings as the elementary alternatives (see Figure 8.1). The rationale of 
the decision of the elementary alternatives under the composite choices is that 
the number of cars owned by a household should not exceed the number of 
persons in a household holding driving license.  
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Number of cars

Driving license

0 2+

0 1 2+ 1 2+ 2+

1

 
 
 

Figure 8.1 Reversed model structure of combined choices of car ownership 
level and driving license holding 
 

 
In section 8.12 of Part I we have looked into the age and generation effects in 
the car ownership level choice. With the combined model here, it is still our 
interest to examine the age effect in the choice of driving license holdings. 
Besides, sex is also supposed to play an important role. Variables indicating 
these two factors are thus included in the utility functions of driving license. 
Since it is not possible to estimate lambda value for a nested logit model with 
TRIO software, the same lambda values for income transformation are used as 
those in the car ownership level choice Box-Cox logit models. The estimation 
result is presented in Table 8.14. 
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Table 8.14 Combined model with Box-Cox transformation on income 
 
                                  Model 28             Model 29     
                                (Stockholm)          (Gothenburg) 
 
Variable                    Parameter  t-value   Parameter  t-value 
 
Constant 1L0C                  1.040     (5.4)      0.7187    (4.8)   
Constant 2+L0C                 0.6183    (3.3)     -0.6372   (-4.1)   
Constant 1L1C                 -2.232    (-1.5)     -47.07    (-1.6)   
Constant 2+L1C                -1.541    (-1.1)     -45.40    (-1.5)   
Constant 2 cars               -5.821    (-5.4)     -5.109   (-12.1)   
Woman household 0L0C           0.6253    (2.9)      0.5879    (3.6)   
Income 1 car                   0.2272    (5.7)      1.495     (8.9)   
Income 2 cars                  0.3079    (6.1)      3.381    (13.1)   
Number of worker 1 car         0.6884    (2.4)      0.9628    (3.0)   
Number of worker 2 cars        1.574     (4.6)     3.694    (10.1)   
Number of adult 1 car         -0.1632   (-0.7)      0.4237    (2.3)   
Number of adult 2 cars         0.6042    (2.3)      0.7847    (3.7)   
Number of children 1 car       0.1855    (2.2)      0.6606    (5.3)   
Number of children 2 cars      0.2239    (2.0)      0.7879    (5.7)   
Parking cost 1 car            -2.272e-4 (-0.3)     -0.001536 (-2.7)   
Parking cost 2 cars           -0.002943 (-3.7)     -0.003959 (-7.7)   
Summer house 1+ car            0.3667    (2.4)     0.5238    (4.1)   
Company car 2 cars             1.190     (6.0)      1.320     (9.7)   
Logsum of other trip 0 car     0.09799   (4.0)      0.05964   (9.8)   
Logsum of other trip 1 car     0.08686   (3.9)      0.04919   (9.6)   
Logsum of other trip 2 cars    0.08409   (3.8)      0.04777   (9.9)   
Logsum of work trip 0 car      0.04931   (6.2)      0.02631   (9.1)   
Logsum of work trip 1 car      0.04011   (5.2)      0.02011   (7.2)   
Logsum of work trip 2 cars     0.03397   (4.5)      0.006328  (2.5)   
Age 35-49 1L0C                -0.3316   (-1.6)     -0.03205  (-0.1)   
Age 50-64 1L0C                -0.6813   (-2.5)     -0.7684   (-3.5)   
Age >=65 1L0C                 -0.4771   (-1.5)     -1.053    (-5.5)   
Age 35-49 1L1C                -0.2512   (-1.6)      0.3206    (1.9)   
Age 50-64 1L1C                 0.3016    (1.6)      0.9279    (5.5)   
Age >=65 1L1C                  0.5506    (2.2)      1.868    (10.3)   
Logsum                         0.8944    (3.0)      0.1528    (1.7)   
Lambda                          0.289               -0.069 
 
Observations                             1708                 4105    
Final log(L)                          -2081.2              -4313.2    
D.O.F.                                    31                   31    
Rho²(0)                                 0.254                0.358    
Rho²(c)                                 0.162                0.245    

 
 
The sample size of the combined models is smaller than the MNL model of car 
ownership level choice. This is because the non-available choices defined in the 
model construction is based on the assumption that the number of persons 
holding driving license should not exceeds the number of adults in a household, 
whereas the number of cars is used instead of the number of license holders in 
previous models. 
 
The parameter for logsum in Stockholm model is significantly different from 
both zero and one, showing strong interdependence between the choices of car 
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and license. In Gothenburg model, this parameter is not significant, implying 
the interrelationship between these two choices is weak. 
 
In previous test with vehicle quatity choice models, it has been shown that the 
orders of the power transformation on income are not significantly different 
from zero. This implies that Box-Cox transformation collapses to the 
logarithmic transformation. To examine if it is also the case for combined 
model, we reconstruct the models by setting lambda to be zero. The estimation 
result is presented in Table 8.15. 
 
 
Table 8.15 Combined model with logarithmic transformation on income 
 
                                  Model 30            Model 31     
                                (Stockholm)         (Gothenburg) 
 
Variable                    Parameter  t-value   Parameter  t-value 
 
Constant 1L0C                 1.043     (5.4)      0.7184    (4.8)    
Constant 2+L0C                0.6193    (3.3)     -0.6376   (-4.1)    
Constant 1L1C                -3.989    (-1.9)     -42.91    (-3.1)    
Constant 2+L1C               -3.300    (-1.6)     -41.24    (-3.0)    
Constant 2 cars              -2.375    (-2.6)     -6.668   (-17.8)    
Woman household 0L0C          0.6311    (2.9)      0.5854    (3.7)    
Income 1 ca                   0.8362   (5.5)      1.103     (9.1)    
Income 2 cars                 1.208     (5.4)      2.356    (13.1)    
Number of worker 1 car        0.7199    (2.5)      0.9551    (3.0)    
Number of worker 2 cars       1.599     (4.6)      3.687    (10.2)    
Number of adult 1 car        -0.1541   (-0.7)      0.4185    (2.9)    
Number of adult 2 cars        0.6187    (2.3)      0.7798    (4.3)    
Number of children 1 car      0.1881    (2.2)      0.6607    (5.3)    
Number of children 2 cars     0.2276    (2.1)      0.7886    (5.7)    
Parking cost 1 car           -2.284e-4 (-0.3)     -0.001538 (-2.7)    
Parking cost 2 cars          -0.002962 (-3.7)     -0.003974 (-7.7)    
Summer house 1+ car           0.3800    (2.4)      0.5218    (4.1)    
Company car 2 cars            1.193     (6.0)      1.322     (9.8)    
Logsum of other trip 0 car    0.1005    (4.1)      0.05945   (9.8)    
Logsum of other trip 1 car    0.08930   (4.0)      0.04899   (9.6)    
Logsum of other trip 2 cars   0.08648   (3.9)      0.04758   (9.9)    
Logsum of work trip 0 car     0.04926   (6.2)      0.02628   (9.1)    
Logsum of work trip 1 car     0.04004   (5.1)      0.02006   (7.2)    
Logsum of work trip 2 cars    0.03397   (4.5)      0.006309  (2.5)    
Age 35-49 1L0C               -0.3352   (-1.6)     -0.03265  (-0.1)    
Age 50-64 1L0C               -0.6787   (-2.5)     -0.7686   (-3.5)    
Age >=65 1L0C                -0.4796   (-1.5)     -1.055    (-5.6) 
Age 35-49 1L1C               -0.2532   (-1.6)      0.3223    (1.9)    
Age 50-64 1L1C                0.2958    (1.6)      0.9290    (5.6)    
Age>=65 1L1C                  0.5492    (2.2)      1.870    (10.6)    
Logsum                        0.9153    (3.1)      0.1483    (3.3)    
Lambda                             0                    0 
 
Observations                             1708                 4105    
Final log(L)                          -2082.8              -4313.3    
D.O.F.                                     31                   31 
Rho²(0)                                 0.254                0.358    
Rho²(c)                                 0.161                0.245    
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The findings are consistent with those in the car ownership level choice models. 
There is little loss by simply taking logarithmic transformation on income. To 
test the gain by considering income as a non-linear variable, models without any 
transformation on income are estimated and presented in Table 8.16. It is 
demonstrated that a great improvement of model can be achieved by treating 
income to be non-linear. 
 
 
Table 8.16 Combined model with income as linear variable 
 
                                  Model 32            Model 33     
                                (Stockholm)         (Gothenburg) 
 
Variable                    Parameter  t-value   Parameter  t-value 
 
Constant 1L0C                 1.052     (5.5)      0.7199    (4.8)    
Constant 2+L0C                0.6122    (3.3)     -0.6398   (-4.1)    
Constant 1L1C                -0.2636   (-0.4)     -17.83    (-1.3)    
Constant 2+L1C                0.4360    (0.7)     -16.15    (-1.2)    
Constant 2 cars              -3.194    (-3.3)     -5.623   (-13.9)    
Woman household 0L0C          0.6311    (2.9)      0.5750    (3.5)    
Income 1 car                  0.005570  (4.5)      0.008718  (9.2)    
Income 2 cars                 0.006532  (5.1)      0.009572  (9.8)    
Number of worker 1 car        0.7221    (2.5)      0.9505    (2.9)    
Number of worker 2 cars       1.636     (4.8)      3.714    (10.1)    
Number of adult 1 car        -0.2054   (-0.9)      0.3901    (2.2)    
Number of adult 2 cars        0.5639    (2.1)      0.8013    (3.9)    
Number of children 1 car      0.1732    (2.1)      0.6604    (5.2)    
Number of children 2 cars     0.1997    (1.8)      0.7850    (5.6)    
Parking cost 1 car           -2.651e-4 (-0.3)     -0.001486 (-2.6)    
Parking cost 2 cars          -0.003023 (-3.8)     -0.004170 (-7.9)    
Summer house 1+ car           0.3496    (2.3)      0.5192    (4.1)    
Company car 2 cars            1.205     (6.1)      1.491    (11.2)    
Logsum of other trip 0 car    0.1006    (4.1)      0.05657   (9.4)    
Logsum of other trip 1 car    0.08913   (4.0)      0.04606   (9.1)    
Logsum of other trip 2 cars   0.08687   (3.9)      0.04488   (9.5)    
Logsum of work trip 0 car     0.05015   (6.3)      0.02511   (8.8)    
Logsum of work trip 1 car     0.04099   (5.3)      0.01860   (6.8)    
Logsum of work trip 2 cars    0.03480   (4.6)      0.005767  (2.3)    
Age 35-49 1L0C               -0.3628   (-1.7)     -0.03997  (-0.2)    
Age 50-64 1L0C               -0.6910   (-2.6)     -0.7729   (-3.5)    
Age >=65 1L0C                -0.4563   (-1.4)     -1.063    (-5.6)    
Age 35-49 1L1C               -0.2249   (-1.5)      0.3338    (2.0)    
Age 50-64 1L1C                0.2993    (1.6)      0.9353    (5.6)    
Age >=65 1L1C                 0.5207    (2.1)      1.878    (10.4)    
Logsum                        1.008     (3.1)      0.1187    (1.4)    
 
Observations                            1708                 4105     
Final log(L)                         -2086.9              -4351.5     
D.O.F.                                   31                   31     
Rho²(0)                                0.252                0.352     
Rho²(c)                                0.159                0.239     
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Table 8.17 Combined model with piecewise linear approximation on income 
 
                               Model 34             Model 35      
                              (Stockholm)         (Gothenburg) 
 
Variable                   Parameter  t-value   Parameter  t-value 
 
Constant 1L0C                 1.020     (5.1)      0.7199    (4.8) 
Constant 2+L0C                0.6245    (3.4)     -0.6388   (-4.1)  
Constant 1L1C                -2.082    (-1.3)     -17.05    (-1.5)  
Constant 2+L1C               -1.388    (-0.9)     -15.37    (-1.3)  
Constant 2 cars              -3.254    (-3.5)      14.54    (31.4)  
Woman household 0L0C          0.5898    (2.7)      0.5789    (3.6)  
Number of worker 1 car        0.5703    (1.9)      0.8929    (2.7)  
Number of worker 2 cars       1.527     (4.4)      3.640    (9.9)  
Number of adult 1 car        -0.1252   (-0.6)      0.3865    (2.2)  
Number of adult 2 cars        0.5201    (2.0)      0.7346    (3.6)  
Number of children 1 car      0.1734    (2.1)      0.6591    (5.2)  
Number of children 2 cars     0.2239    (2.0)      0.7895    (5.6)  
Parking cost 1 car           -3.306e-4 (-0.4)     -0.001553 (-2.7)  
Parking cost 2 cars          -0.002780 (-3.5)     -0.003879 (-7.5)  
Summer house 1+car            0.3716    (2.4)      0.5134   (4.0)  
Company car 2 cars            1.106     (5.4)      1.287     (9.4)  
Logsum of other trip 0 car    0.09725   (3.9)      0.05768   (9.5)  
Logsum of other trip 1 car    0.08660   (3.9)      0.04728   (9.3)  
Logsum of other trip 2 cars   0.08269   (3.7)      0.04609   (9.6)  
Logsum of work trip 0 car     0.04915   (6.2)      0.02723   (9.3)  
Logsum of work trip 1 car     0.04028   (5.1)      0.02088   (7.5)  
Logsum of work trip 2 cars    0.03370   (4.4)      0.006888 (2.7)  
Age 35-49 1L0C               -0.2921   (-1.3)     -0.03740  (-0.2)  
Age 50-64 1L0C               -0.6832   (-2.4)     -0.7719   (-3.5)  
Age >=65 1L0C                -0.5236   (-1.6)     -1.061    (-5.6)  
Age 35-49 1L1C               -0.2706   (-1.6)      0.3329    (2.0)  
Age 50-64 1L1C                0.3280    (1.7)      0.9362    (5.6)  
Age>=65 1L1C                  0.6076    (2.4)      1.877    (10.4)  
Income 0-200 kkr 1 car        0.01251   (6.6)      0.009828  (7.4)  
Income 200-300 kkr 1 car      0.002658  (0.7)      0.007556  (2.7)  
Income 300-400 kkr 1 car     -0.01011  (-1.6)      0.005246  (1.0)  
Income >400 kkr 1 car         0.001836  (0.9)     -4.652e-5 (-0.1)  
Income 0-200 kkr 2 cars      0.005013  (1.6)      0.01114   (6.1)  
Income 200-300 kkr 2 cars     0.01467   (3.2)      0.01118   (3.3)  
Income 300-400 kkr 2 cars    -0.01137  (-1.7)      0.01191   (2.1)  
Income 400 kkr 2 cars         0.002259  (1.1)     -2.370e-4 (-0.4)  
Logsum                        0.6692    (2.6)      0.1333    (1.6)  
 
Observations                            1708                 4105   
Final log(L)                         -2063.5              -4299.4   
D.O.F.                                   37                   37   
Rho²(0)                                0.261                0.360   
Rho²(c)                                0.169                0.248 

 
 
Based on the obtained results, it seems that income behaves in a fairly similiar 
way in both the combined model and the MNL model in influencing the vehicle 
quantity choice. With the piecewise linear approximation model, similar 
weights are also generated for different income ranges (see Table 8.17 and 
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Table 8.13). However, unlike in the number of cars choice models, the 
validation results demonstrate bias in model prediction for some segments with 
respect to household income. This can be attributed to the involvement of 
driving license choice in the model structure. There might be an impact imposed 
by income on the choice of driving license holdings that has not been captured 
by the model. 
 
In the combined models having been formed so far, there are no variables 
included in the utility function for the choice of multiple car and multiple 
licensed driver. This alternative can thus be excluded from the model structure 
depicted in Figure 8.1.  
 
It is also interesting to examine the variation of the income and gender effects in 
the choices of the number of cars and the number of drivers. Therefore, these 
two variables are included in both composite and elementary utility functions. 
Here, income in the license utility is supposed to be linear, whereas income in 
the car level choice is with Box-Cox transformation. The estimation result is 
presented in Table 8.18. 
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Table 8.18 Combined model with income variable in license choice 
 
                                 Model 36           Model 37     
                               (Stockholm)        (Gothenburg) 
 
Variable                   Parameter  t-value   Parameter  t-value 
 
Constant 0L0C                 1.637     (1.4)      29.12     (1.5)  
Constant 1L0C                 1.852     (1.5)      29.58     (1.5)  
Constant 2+L0C                0.2233    (0.2)      27.14     (1.4)  
Constant 1L1C                 0.3857    (1.7)     -0.1171   (-0.5)  
Constant 2+L2+C              -2.469    (-2.1)     -1.203    (-0.9)  
Woman household 0L0C          0.3326    (1.4)      0.4322    (2.6)  
Woman household 0 car         0.1279    (0.4)      0.8797    (6.0)  
Income 1L0C                   0.006097  (2.7)      0.001897  (1.5)  
Income 2+L0C                  0.01276   (4.7)      0.007960  (3.6)  
Income 1L1C                   0.006829  (1.9)      0.02585   (1.1)  
Income 2+L1C                  0.01178   (3.4)      0.03328   (1.4)  
Income 2+L2+C                 0.01276   (3.7)      0.02444   (1.3)  
Income 1 car                  0.1364    (1.1)      0.7404    (2.3)  
Income 2 cars                 0.05435   (0.3)      3.258     (7.2)  
Number of worker 1 car        0.6581    (2.2)      0.9323    (2.9)  
Number of worker 2 cars       1.563     (4.5)      3.641    (10.0)  
Number of adult 1 car        -0.2373   (-1.1)      0.1164    (0.7)  
Number of adult 2 cars        0.5266    (2.0)      0.4741    (2.4)  
Number of children 1 car      0.2004    (2.3)      0.7281    (5.7)  
Number of children 2 cars     0.2316    (2.1)      0.8553    (6.0)  
Parking cost 1 car           -2.450e-4 (-0.3)     -0.001579 (-2.7)  
Parking cost 2 cars          -0.002969 (-3.7)     -0.003872 (-7.5)  
Summer house 1+ car           0.3509    (2.2)      0.5555    (4.3)  
Company car 2 cars            1.191     (6.0)      1.295     (9.5)  
Logsum of other trip 0 car    0.09798   (4.0)      0.05912   (9.6)  
Logsum of other trip 1 car    0.08632   (3.9)      0.04838   (9.4)  
Logsum of other trip 2 cars   0.08389   (3.8)      0.04697   (9.7)  
Logsum of work trip 0 car     0.04849   (5.9)      0.02509   (8.6)  
Logsum of work trip 1 car     0.03957   (4.9)      0.01899   (6.8)  
Logsum of work trip 2 cars    0.03340   (4.2)      0.005308  (2.1)  
Age 35-49 1L0C               -0.3206   (-1.6)     -0.07539  (-0.3)  
Age 50-64 1L0C               -0.6062   (-2.2)     -0.8018   (-3.6)  
Age >=65 1L0C                -0.3983   (-1.3)     -1.094    (-5.7)  
Age 35-49 1L1C               -0.1255   (-0.9)      0.6337    (3.6)  
Age50-64 1L1C                 0.2827    (1.4)      1.147     (6.7)  
Age >=65 1L1C                 0.3644    (1.5)      1.612     (8.7)  
Logsum                        1.306     (2.5)      0.1301    (1.6)  
 
Observations                             1708                 4105  
Final log(L)                          -2050.9              -4226.5  
D.O.F.                                     37                   37  
Rho²(0)                                 0.265                0.371  
Rho²(c)                                 0.174                0.260  

 
 
Income shows significant influence on the driving license holding, whereas its 
effect on the car ownership choice becomes statistically insignificant. This can 
be due to the expense in acquiring driving license in Sweden. Besides, in 
relatively rich households, the children may acquire their license once they 
reach 18 years old. 
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The scale factor becomes greater than one after including income in the driving 
license alternatives. One hypothesis is that this might be attributed to modeling 
the two choices in a static structure. 
 
It is important to include policy-sensitive variables in the utility functions for 
driving license holdings in order to evaluate the response to any policy change. 
One of such variables can be the cost for acquiring driving license. 
Unfortunately, such information is not provided by the data.  
 
 
Model validation 
 
The validation results of the combined models are given in Table 11 through 
Table 30 in Appendix I. It is illustrated that, without inclusion of income into 
the utility functions for driving license choice, both models with Box-Cox 
transformation and with piecewise liner approximation do not provide good 
prediction with respect to household income. After including income, models 
are improved to a large extent, even in the prediction with respect to the number 
of workers and the number of adults in a household. 



 

 

 
 



 

 

 
 
 
9 Model Transferability 
 
 
9.1  Model Transferability Test 
 
A model is transferable if the estimated parameters remain stable when it is 
applied to a different area and to populations with different economic structure 
and probably different behavior habit. It is expected that, the disaggregate 
model should be transferable if it is truly a behavioral model, and if it has been 
estimated with data which has a high degree of variability. 
 
However, models estimated on different data have generally produced 
inconsistent parameter estimates. This can be attributed to behavioral 
differences among different groups of people which are not measured and taken 
into account in the model as well as differences in other factors such as methods 
of collecting data. 
 
In this section, a test is carried out on the transferability of Model 1, which is 
estimated on Stockholm 86/87 data, to Gothenburg 89 data. The result in Table 
8.1 has shown that, with the same model specification, the estimated 
coefficients on these two samples are quite different. 
 
The dissimilarity in model parameters can be due to a number of reasons. 
Among others, the collecting methods of these two data sets are different. The 
Stockholm 86/87 data is a household-based one in which the travel diary of 
every household member is checked, whereas Gothenburg 89 data is individual-
based in which only one person in a household is surveyed. There are also 
significant differences between these two areas in length of development, socio-
economic structure, and in the public transport service (e.g. there is no subway 
in Gothenburg). 
 
The transferability test statistically tests the differences between the two sets of 
coefficients, where the null hypothesis is the two sets of coefficients are equal. 
A natural measure of it is the difference in log-likelihood between two models. 
The statistic is given by 
 

[ ]− −2 L LG s G G( ) ( )θ θ       (9.1) 
 
where 
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LG G( )θ  is the log likelihood value of the Gothenburg coefficients on the 
Gothenburg sample, 
LG S( )θ  is the log likelihood value of the Gothenburg sample when the 
coefficients are restricted to the values of the Stockholm model. 
 
This statistic is supposed to follow chi-squared distribution. The calculated χ2 
value is compared against the critical χ2 (usually at the 5% risk level). From 
Model 2 we know that LG G( )θ  is equal to –2741.5. After running the 
Gothenburg model with restricted parameters, the obtained LG S( )θ  is equal to 
–3049.2. The calculated χ2 value exceeds the critical value. The null hypothesis 
that the two sets of coefficients are equal is thus rejected. 
 
 
9.2  Model Update 
 
When comparing MNL models in different contexts with linear utility 
functions, it is expected that the differences in the mean values of the error 
distributions will be relatively large, the differences in the error standard 
deviation will be smaller, and the differences in the relative parameters 
estimates will be the smallest. Thus, effort to improve model transferability to a 
specific application environment should emphasize adjustment of alternative 
constant first, parameter scale second and relative values of the parameter last 
(Ortuzar and Willumsen, 1994). 
 
There are two approaches of updating models, scaling update and Bayesian 
update. The usually used scaling update method is based on the above 
statement. It uses the disaggregate sample to re-estimate the alternative-specific 
constant and to estimate a scale parameter to scale the other coefficients. The 
rationale of this method is that the average effects of unobserved factors are 
likely to vary between the two different contexts, and these effects can be 
reflected in the adjustment of the constant. The justification for adjusting the 
scale of other coefficients is that people in different contexts may differ in level 
of importance they attach to variables in the choice equation, but it is also likely 
that the marginal rates of substitution between the variables remain invariant for 
both cases. 
 
The update constant and the scale parameter are calculated by estimating a 
model with one independent variable Z. This variable is formed by combining 
the vector of coefficients of Model 1, α, for all variables except the constant, 
and the vector of values of the independent variables Xiq for the qth observation 
in the Gothenburg 89 sample, so that 
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Z Xiq iq= α        (9.2) 
 
The constant estimated from this single variable model is the constant 
appropriate for the updated model, and the estimated coefficient of Z is the scale 
parameter, which is then multiplied by the coefficients of Model 1 to obtain the 
updated coefficients. Table 9.1 gives the relevant result. 
 
 

Table 9.1 Updated model with scale factor 
 
                                                                      Parameter t-value 

 
Constant1        -1.367   (-16.5)   
Constant2        -5.158   (-27.3)   
SCALE             0.907   (31.0)   
 
Observations                 4132   
Final log(L)              -3043.8   
D.O.F.                          3   
Rhoý(0)                     0.269   
Rhoý(c)                    0.208   

 
 
 
The update does not bring a big improvement. Being judged on statistical 
criteria, the coefficients of the Stockholm model (Model 1) are still not 
transferable to the Gothenburg data set. In addition to those dissimilarities in 
these two regions stated previously, the non-transferability of model 1 may be 
attributable to the difference in the travel choice models which were used to 
calculated the monetary inclusive values. 
 



 

 

 
 



 

 

 
 
 
10 Application in Forecasting 
 
 
The purpose of developing a model is to make forecast. Our primary concern 
here is to forecast the effects of policy changes, i.e. to examine the policy 
sensitivity of the model. A commonly-used means is to calculate aggregate 
point elasticity. However, the validity of point elasticity is limited to small 
changes in the variables (Ben-Akiva and Lerman, 1985). To test the response 
predicted by the model to large changes disaggregate prediction needs to be 
performed. In this chapter, such disaggregate prediction is conducted on 
Stockholm 86/87 sample, supposing there is a change in toll and household 
income. 
 
 
10.1  Forecast of Car Demand to Toll Change 
 
The disaggregate forecast first modifies the values of one or more explanatory 
variables in accordance with the policy being tested. In this study, extra 10 
Swedish crowns of toll is added to the vehicle cost for all car trips. This change 
will affect the monetary inclusive value derived from the nested travel choice 
model which represents accessibility in car ownership model, and will 
consequently affect the household’s car-related decisions. 
 
Model 20 and Model 28 are used to make this forecast. The market shares 
before and after the toll change are presented in Table 10.1 and Table 10.2 
respectively for these two models. Similar forecasting results with respect to car 
demand are obtained by these two models. The decrease in car demand is 
around seven percent.  
 
Table 10.1 Prediction of car demand response to toll change (Model 20) 
 
 Zero car One car Two cars Total 
Before:     
 Number 401 1033 290   1724 
 Share (%) 23.3 59.9 16.8 100 
After:     
 Number 495 952 277   1724 
 Share (%) 28.7 55.2 16.1 100 
Difference:     
 Number 94 -81 -13 0 
 Share (%)  5.5  -4.7  -0.8 0 
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Table 10.2 Prediction of car and driving license demand responses to toll 
change (Model 28)  
 
 Zero car One car 2+ car  
        
 0 Lic 1 Lic 2+ Lic 1 Lic 2+ Lic 2+ Lic Total 
Before:        
 Number 127 207 67 455 569 283 1708 
 Share (%) 7.4 12.1 3.9 26.6 33.3 16.6 100 
After:        
 Number 153 254 97 410 526 268  1708 
 Share (%) 8.9 14.9 5.7 24.0 30.8 15.7 100 
Difference:        
 Number 26 47 30 -45 -43 -15 0 
 Share (%) 1.5 2.8 1.8 -2.6 -2.5 -0.9 0 

 
 
The increase in toll also yields the change in households choice of the number 
of driving license holders as well. The figures in Table 10.2 show that, with the 
shift of car-owning households to non-car households, there are two percent 
households that transfer from the segment of multi-driver households. This can 
differ from the reality, as people will not abandon their driving license once 
they have acquired it. Such a result reveals the problem associated with 
modeling the combined choice of fleet size and driving license holding in a 
static nested structure. This form of model can capture the interdependence 
between these two choices, but is not able to incorporate the dynamic feature of 
the decision-making process. For this reason, it is not recommended to model 
license holding in this way. 
 
 
10.2  Forecast of Car Demand Response to Income Change 
 
Suppose household income increase by 20%. For the purpose of comparison, 
models with Box-Cox transformation on income (Model 20 and Model 28) and 
with linear form of income (Model 1 and Model 32) are used to make the 
forecast. The forecasting results are presented in Table 10.3 to Table 10.6 
respectively. 
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Table 10.3 Prediction of car demand response to income change (Model 20)  
 
 Zero car One car Two cars Total 
Before:     
 Number 401 1033 290   1724 
 Share (%) 23.3 59.9 16.8 100 
After:     
 Number 360 1057 307   1724 
 Share (%) 20.9 61.3 17.8 100 
Difference:     
 Number -41 24 17 0 
 Share (%) -2.4 1.4 1.0 0 

 
 
Table 10.4 Prediction of car demand response to income change (Model 1)  
 
 Zero car One car Two cars Total 
Before:     
 Number 401 1033 290 1724 
 Share (%) 23.3 59.9 16.8 100 
After:     
 Number 361 1059 304 1724 
 Share (%) 20.9 61.3 17.8 100 
Difference:     
 Number -40 26 14 0 
 Share (%) -2.3 1.5 0.8 0 

 
 
Table 10.5 Prediction of car and driving license demand responses to income 
change (Model 28) 
 

 Zero car One car 2+ car  
        
 0 Lic 1 Lic 2+ Lic 1 Lic 2+ Lic 2+ Lic Total 
Before:        
 Number 127 207 67 455 569 283 1708 
 Share (%) 7.4 12.1 3.9 26.6 33.3 16.6 100 
After:        
 Number 117 189 58 471 573 300 1708 
 Share (%) 6.9 11.1 3.4 27.6 33.5 17.6 100 
Difference:        
 Number -10 -18 -9 16 4 17 0 
 Share (%) -0.6 -1.1 -0.5 0.9 0.2  1.0 0 
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Table 10.6 Prediction of the demand of vehicle and driving license response to 
income change (Model 32) 
 

 Zero car One car 2+ car  
        
 0 Lic 1 Lic 2+ Lic 1 Lic 2+ Lic 2+ Lic Total 
Before:        
 Number 127 207 67 455 569 283 1708 
 Share (%) 7.4 12.1 3.9 26.6 33.3 16.6 100 
After:        
 Number 118 191 57 469 577 296 1708 
 Share (%) 6.9 11.2 3.3 27.5 33.8 17.3 100 
Difference:        
 Number -11 -16 -10 14 8 13 0 
 Share (%)  -0.6  -0.9  -0.6  0.8   0.5  0.8 0 

 
 
The shift of households from no car to having car is not very dramatic owing to 
the increase in income. Recall that toll increase yields stronger response. This 
reflects to some extent the asymmetry in the behavior response to the monetary 
change in two directions. Similar response is predicted of car demand by the 
combined models. Higher proportion of households who have multiple driving 
license holders but zero car turn to acquire a car. In addition, it is shown that 
there is not much difference in the prediction results between models with and 
without Box-Cox transformation on income. 
 
From the obtained results, we can also derive the elasticity of car demand with 
respect to household income. They are 0.18, 0.17, 0.17, and 0.15 for Model 20, 
Model 1, Model 28, and Model 32 respectively. 
 
The usefulness of a forecasting test heavily depends on the availability of prior 
information that can be used to determine the ranges of reasonable forecasts. 
The most useful information is derived from before and after studies which are 
conducted on occasion of real changes in policy or environmental factors and 
which collect data on the system variables before and after the changes occur. 
However, such information is not available for the study here. We therefore can 
not evaluate the prediction ability of the developed models. 
 
 



 

 

 
 
 
11 Conclusions and Directions for Further Research 
 
 
Conclusions 
 
Disaggregate car ownership models have been developed for Stockholm and 
Gothenburg regions at the household level focusing on accessibility and 
generation effects. The models follow the standard discrete choice framework, 
using logit model and nested logit model as the model form. The data employed 
were collected over a number of years forming a time-series cross-sectional data 
set for the purpose of estimating the generation effect. 
 
A number of accessibility indices have been tested and compared. The results 
using monetary inclusive value derived from a nested travel choice model are 
encouraging, yielding positive and significant coefficients of this variable. 
Much better models are obtained in terms of log likelihood value owing to this. 
This monetary inclusive value is both policy-oriented and behaviorally 
consistent. It is concluded that this variable reasonably well captures the 
mechanism of the accessibility impact. The result demonstrates that, if data is 
available, including work trip accessibility and other trip accessibility with 
separate parameters gives the best model; constraining work trip logsum and 
other trip logsum to have the same weight does not show to be superior to 
setting the weight of other trip accessibility to zero. 
 
House type, parking type and parking cost also have a great influence on 
household car ownership choice. The possibility of using them as accessibility 
indices has been verified by taking the monetary inclusive value as an 
appropriate accessibility measure and by using it as a reference. It has been 
pointed out that these variables are not highly correlated with accessibility. 
Rather, house type represents more than just accessibility. Parking type and 
parking cost are highly correlated with house type.  
 
Cross-sectional data of a number of years from Stockholm and Gothenburg 
merged into a single data set in order to gauge the generation effect. The results 
demonstrate that, when the age variables and the generation variables are 
combined, the segment for old households (average household age over 64 
years) shows a relatively high propensity not to have a car. After the dummies 
for birth year are introduced, young households exhibit relatively lower car 
ownership, and the change in car ownership among other age segments is not 
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significant. With regard to the generation effect, the reduction of the propensity 
to own a car is significant for households with average birth year before 1920, 
whereas this reduction is moderate for households with birth year between 1920 
and 1945. 
 
The model with piecewise linear approximation on household annual income 
shows that the marginal utility of income varies with the income level. The 
optimal order of Box-Cox transformation on income is nearly significant 
different form both zero and one for Stockholm case but not for Gothenburg. 
The log transformation is a good approximation to capture the non-linearity of 
income impact.  
 
The structure of the combined model is driving license holding choice 
conditional on car ownership choice, as the reverse structure yields the logsum 
parameter being much greater than one. The estimated parameters are generally 
as expected. Income behaves in a fairly similar way in  influencing vehicle 
quantity choice as it does in the multinomial logit model. Due to the 
irreversibility of license holding, it is not recommended to model these two 
choices in a static framework. 
 
The transferability of Stockholm model with accessibility measures to 
Gothenburg is tested. Being judged on statistic criteria, the Stockholm model is 
not transferable to the Gothenburg data set.  
 
The Stockholm model with separate weights for work trip logsum and other trip 
logsum is used for an application test. By giving 10 extra Swedish crowns to car 
cost, car demand decreases by seven percent. For the case of increasing 
household income by 20%, two percent of the households leave the zero-car 
segment. It is also demonstrated that there is not much difference in the 
forecasting result between the models with and without Box-Cox transformation 
on income.  
 
The changes in toll and income also yield changes in household driving license 
holdings. Two percent of households withdraw from the segment of multi-
driver households because the increase in toll. This reveals the problem 
associated with modeling the choices of car ownership and driving license 
holding in a static nested structure. It is necessary to cope with the dynamic 
feature of the decision-making process. 
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Suggestions for further research 
 
The travel related choice has been generally recognized as a dynamic process. 
The information collection, experience on past choice, and the habitual behavior 
can all lead to response lags in people’s reaction to changes in environment. To 
cope with such dynamic element in travel behavior, panel data has many 
advantages over conventional cross-sectional data. Besides, panel data 
facilitates the identification of cause-effect relationship and thus enables easier 
policy analysis. Therefore, panel data is necessary in developing more advanced 
travel demand models in further research. 
 
Accessibility has shown a great impact on household car ownership choice. The 
accessibility measure used here, which is the monetary inclusive value derived 
from a nested logit travel model, has made a forward step compared with 
previous studies with accommodating people’s spatial activity patterns. Yet, this 
accessibility measure is based on the used travel choice models which did not 
incorporate the time dimension and the trip-chain behavior. In reality, people’s 
trip behavior is intricately involved with many aspects of their everyday life. 
Therefore, a tour-based accessibility measure is needed to be extended to an 
activity-based one, which enables to evaluate a wide range of transportation 
planning options. 
 
For this perspective, the conventional trip records obtained in travel surveys are 
not sufficient. So called time-use data needs to be collected and deployed to 
develop models, as it contains information not only on trips but also on 
activities people pursue during a specific period. 
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1 Introduction 
 
 
1.1  Background 
 
In recent years, advanced traveler information and management systems 
(ATIS/ATMS) have attracted widespread interest as a promising technology for 
improving the efficiency of urban networks and reducing congestion. The 
potential of advanced information systems is to inform drivers of impending 
problems, to enlarge a driver's choice set and resources, and to reduce the 
uncertainty in drivers' perception and prediction. It will thus eventually help 
drivers avoid congested links in the network and thereby obtain more smooth 
traffic flows by spreading traffic over space and even possibly time. The 
function of information systems will be more effective in abnormal traffic 
conditions when driver behavior is particularly uncertain. 
 
Great effort has been made towards the design and evaluation of sophisticated 
transport systems (Al-Deek and Kanafani, 1993; Adler and Blue, 1998; Ben-
Akiva et al, 1997; Emmerink, 1995; Kaysi et al, 1993, 1995; Watling and 
Vuren, 1993). Technology for ATIS is being developed and tested in many 
cities around the world.  However, it has also been pointed out that information 
systems can also imply an adverse effect. If too many drivers respond to 
information, for example, overreaction may occur which will cause congestion 
to transfer from one road to another. This is likely to take place if drivers or 
information provider fail to consider or underestimate the potential response of 
all drivers (Ben-Akiva et al, 1991). Therefore, if the information systems are to 
operate to the maximum effect it is important to study travel choice behaviors 
under various travel conditions and in response to various information sources 
and information formats.  
 
Taking the whole transportation system as the object of the study, a general 
modeling framework should consist of three components: network 
performance/supply, traveler behavior, and control system. These components 
concern different aspects while having overlap and interaction one with another. 
Clearly, the study on the routes followed in a network is a key part of such a 
modeling framework. More specifically, individual drivers' route choice has 
great impact on link flow patterns and thus the performance of the 
transportation system. For the evaluation of the effect of different routing and 
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control strategies provided by control system, it is crucial to study drivers’ route 
choice behavior under different travel conditions. 
 
The route choice problem is complicated. This is because of the complexity of 
transportation networks, the dynamics of travel conditions, as well as the 
variation in travelers' preference and behavior. A basic premise in drivers' route 
choice is the assumption of a rational traveler, i.e., one choosing the route which 
has the least perceived costs. How to identify individuals' perceived best routes 
and how to load the trips into the identified routes remain to be two fundamental 
issues in the traffic assignment problem.  
 
A large number of studies have investigated route choice influencing factors 
based on data collected from empirical surveys or from simulators (Adler et al, 
1993b, 1994; Asad et al, 1993; Bonsall, 1992; Bonsall et al, 1997; Khattak et al, 
1993; Khattak et al, 1996; Polodoropoulou et al, 1996). There has been a 
variety of evidence showing that time is not the only factor influencing drivers' 
route choice, although for urban traffic it dominates the perceived route costs. 
Other factors can include monetary cost, reliability of travel time, congestion 
and queues, distance, type of maneuvers required, type of road, scenery, 
signposting, and habit. 
  
Travel conditions on road networks exhibit both regular variations over time 
and sporadic disruption as the result of incidents. Drivers can have different 
reactions to these different types of variations. An appropriate route choice 
behavior model needs to include both the distinction and the connection 
between initial travel strategy and tactical adjustment. The former is based on 
expected conditions, while the latter is made in the light of conditions actually 
met. The change in a particular travel pattern is more demanding for a traveler, 
and the decision-making process is more complex.  
 
Route choice is dynamic in nature. This is not only attributed to the varied travel 
conditions over time but also the constant learning and updating of drivers’ 
perception of the network. In the studies that address the route choice dynamics, 
the parameters such as the number of travelers, traffic conditions, travel costs 
and travel times may vary stochastically, and the travel behavior is assumed to 
be influenced by a learning and memorizing process based on travelers' prior 
experience (Ben-Akiva et al, 1984; Ben-Akiva et al, 1986; Horowitz, 1984; 
Cascetta and Cantarella, 1991; Waltling and Vuren, 1993; Cascetta and 
Cantarella, 1993; Mahmassani, 1991; Waltling, 1996; Liu, 1998). 
 
Limited understanding of drivers' behavioral differences and cognitive 
processing abilities makes it difficult to estimate route choice behavior (Adler et 
al, 1993). Especially in a circumstance with provision of ATIS, traveler's 
decision can be made based on either personal perception or the information 
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provided by ATIS, or both. Information acquisition and processing need thus to 
be taken into account as well. Various behavior models have been proposed 
with a purpose to capture the uncertainty and limitation in individuals’ 
perception and cognition. These models are based on e.g. conflict theory (Adler 
et al 1993a, b), fuzzy logic (Lotan and Koutsopoulos, 1993a, b; Adler and 
Casello, 1997), and assumption of bounded rationality of human being 
(Mahmassani and Jayakrishnan, 1991).  
 
A lot of existing assignment models is built-up on equilibrium theory. 
Traditional equilibrium traffic assignment model is useful in dealing with the 
interaction between network supply and travel demand. Nevertheless, it has 
several deficiencies due to its simplified assumption, particularly in 
incorporating day-to-day variation of traffic conditions, incident-induced 
congestion, drivers' responses to real-time policy and control strategies, and the 
memory and learning process of drivers. In this context, simulation has been 
more and more commonly used as a tool in dynamic traffic assignment because 
of its great flexibility and capability in dealing with drivers' behavior responses.   
 
 
1.2  Scope and Objectives 
 
The objective of this work is to develop a route choice modeling framework 
with an attempt to address the differences in drivers' route choice behavior. 
More specifically, the mixed logit model is used to incorporate the 
heterogeneity in individual drivers' preference and subjective evaluation of route 
choice factors. With particular interest in drivers' response to incident and 
information, the empirical part of this study focuses on drivers' route switching 
behavior in an incident situation, which is conditional on the initial route choice. 
 
The work conducted in this study consists of the following parts: 
 
• Overview of existing studies on route choice (traffic assignment) modeling 

and simulation  
• Identify elements and problems in route choice modeling 
• Develop a modeling framework that can capture the heteroskedasticity 

among individuals  
• Study the performance of the mixed logit model under different 

circumstances using simulated data 
• Investigate the impact of various route switching factors based on empirical 

data  
• Discussion on implementing the calibrated route choice model in 

forecasting and simulation 
 



 

 



 

 

 
 
 
2 Overview of Existing Traffic Assignment Models 
 
 
2.1  Basic Equilibrium Model 
 
The basic equilibrium principles are usually attributed to Wardrop (1952), who 
formulated the theory based on the following points: 
 
• each traveler chooses the route with the shortest actual travel time 
• travel time on a link increases as the traffic volume on it increases 
 
Here, travel time can be substituted by cost or other criteria. 
 
User optimal 
As the basic premise in individuals' route choice, each driver seeks the route 
which has the least costs. If a certain link is chosen by many drivers so that 
congestion occurs on that link, the travel time thus the cost of that link will 
increase which may trigger some drivers to switch to another route. Such 
decisions and trial-and-error processes made by all travelers individually result 
in a situation that no driver can reduce their travel cost by changing to another 
route. This situation is known as user optimal situation. It is characterized by 
the fact that all routes actually used between an origin and destination have the 
same travel time and is shorter than that of the unused routes.  
 
System optimal 
By influencing and guiding travelers' choices of routes, traffic can be arranged 
in a way that an optimal utilization of the traffic network is achieved, i.e., the 
total travel time is minimized. The resulting travel pattern from these 
perspective route choices is known as the system optimal flow.  The system 
optimal situation is characterized by the fact that all the used routes between an 
origin and destination have equal marginal travel time (Patriksson, 1990). 
 
User optimal versus system optimal 
The total travel time is generally not minimized by the user optimal travel 
pattern. The only situation in which user optimal and system optimal are equal 
is the idealized case when no congestion exists. In the real urban traffic system, 
observed flows are likely to be closer to a user than a system optimum. 
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2.2  Extensions of Equilibrium Model 
 
Noted that the basic equilibrium principles described above are based on some 
over-simplified assumptions which are only concerned with deterministic and 
static situations. There are sufficient grounds to believe that the deterministic 
and static equilibrium does not occur in reality because 
 
• Travelers don't know exactly about all the paths available and about their 

characteristics. They thus don't know with which traffic conditions such as 
congestion, travel time and other consequences of their choices they will be 
confronted 

 
• The pattern of network flows is not so stable over time that past experience 

(such as the times over particular routes no longer used by the traveler) is 
still valid 

 
• Travelers don't have a uniform cost perception and don't possess the same 

choice objectives and constraints, but show individual differences in 
preferences 

 
An interesting finding by Nakayama et al (1999) who investigated the process 
through which network flow converges to equilibrium is that network flow at 
convergence is not unique and perfect information may not be a necessary 
condition for convergence to user equilibrium. To the contrary, the presence of 
a large number f drivers confidently believe in their route choices although in 
fact they have incorrect information may lead to network equilibrium. 
 
In response to the deficiencies associated with the basic equilibrium models, 
enormous advances have been made in the way in which traffic networks can be 
modeled. Stochastic equilibrium models try to represent the uncertainty in 
drivers’ perception by assuming that perceived utilities are random variables. 
Models in which flow is assumed to vary with time are known as dynamic 
models. Multiple user-class models differentiate between drivers according to 
their systematic characteristics.  
 
 
2.21  Stochastic User Equilibrium Model 
 
User equilibrium presumes that drivers have experimented different routes when 
repeating their origin-destination movement, to such an extent that they are 
certain about demand and network conditions, i.e. they have perfect knowledge 
about travel conditions. It is also assumed that all travelers are uniform 
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(homogeneous) and rational in their decision-making. The user equilibrium is 
thus known as a deterministic model of traffic assignment. 
 
In reality, travelers' perception of travel costs are subject to variations, and 
routes are chosen based on perceived costs rather than the actual costs. The 
routes utilized are therefore not necessarily the shortest ones based on the actual 
travel time, nor do they necessarily have the same actual travel time. The 
assumption that travelers have incomplete information and select routes to 
minimize their perceived travel costs (Daganzo and Sheffi, 1977) gives rise to 
the stochastic user equilibrium. In stochastic models, route choice is a question 
of decision-making under conditions of uncertainty, based on expectations 
regarding network attributes. The stochastic equilibrium principle can thus be 
formulated as the case that no single traveler can increase his subjective utility 
by unilaterally changing his route (Bovy and Stern, 1989). 
 
The random error associated with each travelers' travel costs perception is 
usually captured by introducing a random component into the travel cost 
function. The distribution of traffic flows in a stochastic assignment model 
depend on the probability distribution of the random error term. The two flow 
distributions most frequently applied in stochastic assignment are the logit and 
probit models, which correspond to choosing an independent identical Gumbel 
and a normal probability distribution, respectively.  
 
 
2.22  Dynamic Equilibrium Assignment Model 
 
Traditional user equilibrium presumes that the traffic flow pattern is steady over 
the study period.  In reality, however, both the flow and route choice posses 
dynamic nature. The traveler permanently seeks better routes which may be 
attributed to the fluctuations in route choice and traffic flows. Drivers' current 
route choice behavior is influenced by past experiences. 
 
Some dynamic equilibrium models make real-time assignment which 
incorporate dynamics in trip demands and choices (Peeta and Mahmassani, 
1995; Hu and Mahmassani, 1995). The numerical solutions of models dealing 
with the within-day dynamics rely on a time-discretization (discrete-time) 
approach which brings the dynamic model into static one. In each discrete time 
interval, a static equilibrium assumption is often present. 
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2.3  Equilibrium in Supply and Demand  
 
Transport system can be considered as an economic market. The demand side 
corresponds to the potential travelers of the network, whose travel decisions are 
governed by travel demand functions. The supply side corresponds to the 
network itself, offering transport facilities to the travelers, at prices 
corresponding to travel time and other factors such as monetary cost and 
comfort.  More specifically, at road network level, the supply side is represented 
by links and costs associated with them. The costs are a function of a number of 
route attributes. The commodity traded at the market is trip-making. The market 
equilibrium situation is the one, where the number of trips between an origin 
and destination pair equals the travel demand given the market price, i.e., the 
travel time, for the trip-making (Patriksson, 1994). 
 
Taking the whole transport system into consideration, equilibrium can take 
place at different levels. At the road network level, an equilibrium occurs when 
traveler can no longer find better route to their destination. At higher levels 
where the interaction between more travel-related choices such as choices of 
transport mode, destination and departure time, a shift in demand in any of them 
will in turn induce a new equilibrium point.  
 
Therefore, if the traffic assignment problem is formulated as a problem at a 
transport system level with elastic demands, a combined trip generation, 
distribution and assignment modeling framework is needed, as the demand 
function influences both the number of trips generated and the distribution of 
trips among destinations, modes, and routes. 
 
 
2.4  Traffic Simulation Models 
 
The analysis of urban traffic network based on Wardrop equilibrium principle 
leads to difficulties in many traffic analyses because it is based on over-
simplified assumptions. There have been a number of sophisticated equilibrium 
models developed and widely used, e.g. EMME/2(INRO, 1998), to predict long-
term average state of the network. These models are not suitable for the 
evaluation of the dynamic benefits of ATIS and other real-time control 
strategies caused by day-to-day variability of traffic conditions, particularly that 
resulting from traffic incidents. Liu (1999) also pointed out that even in the case 
where equilibrium and mean day-to-day flows are similar, the equilibrium 
model consistently under-estimate average travel time in the network. 
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In this context, simulation, which is a process of mimicking the operation of a 
system, has in recent years become a tool commonly used in traffic analysis and 
traffic management at a variety of levels. A large number of traffic simulation 
models have been developed at varying level of complexity and network size. 
These models are designed for dynamic traffic assignment, or for evaluating the 
impact of ITS including advanced signal control, or for particular applications 
with particular purposes. Based on flow and traffic dynamics representation, 
traffic simulation models can be characterized as macroscopic, mesoscopic and 
microscopic. Macroscopic models do not allow representation of individual 
behavior issues and are thus only suitable for capturing some long-term effects. 
Mesoscopic and microscopic models, on the other hand, provide great flexibility 
and capability in incorporating drivers' response to real-time policies and 
control strategies, which is substantially important in the evaluation of 
ATIS/ATMS.  One thing needs to be mentioned here is that, because of the high 
demand on computation power, micro simulation models appear better suited as 
a tool for the evaluation of detailed network performance for small area of 
particular interest. Table 2.1 presents a list of some well-known mesoscopic and 
microscopic simulation models. 
 
 
Table 2.1 List of Mesoscopic and Microscopic simulation models 
 

 
Mesoscopic models 

 
Microscopic models 

DYNASMART 
INTEGRATION 
CONTRAM 

MITSIM 
INTEGRATION 

AIMSUN2 
PARAMICS 

CORSIM 
DRACULA 

 
 
A trip within an urban area can be viewed as a sequence of a number of 
decisions which can be divided into two sets: pre-trip decisions and on-route 
decisions. Pre-trip decisions contain those decisions prior to the traveler's trip, 
e.g. destination choice, mode choice and departure time choice which usually 
can not be revised during the same particular trip. On-route decisions include 
e.g. route choice, speed and lane choice, and gap acceptance, which can be 
adjusted on the route. Most of existing traffic simulation models takes into 
account only en-route decisions. 
 
In this section, we make an overview of some simulation models which include 
MITSIM, INTEGRATION, AIMSUN 2, DRACULA, and RGCONTRAM. 
This overview is based on the following literatures: Yang (1997), Van Aerde 
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(1998), AIMSUN2 users' guide, Liu (1999), and McDonald (1995). Particular 
attention is placed on the route choice module of these models. In general, there 
can be many different routing logics and models to decide which route (or link) 
to be taken. They can vary from being deterministic and static to stochastic and 
dynamic. Through the work of this study, we attempt to get insight into their 
routing mechanisms, influencing factors included, route choice model form, 
implemented traffic control and management strategies, incident handling etc. 
 
 
2.41  Overview of Simulation Packages 
 
AIMSUN 2 
In AIMSUN2, The generated vehicles are distributed along the network in two 
steps: assignment from origins to connectors (objects connected to the centroid) 
and assignment to the shortest paths connecting the connectors and the 
destinations. Vehicles can be assigned to connectors either probabilistically or 
depending on the path to destination. In the probabilistic way the user can 
specify the proportion of vehicles choosing each one of the possible connectors. 
In the destination dependent way, the vehicle is assigned to the connector which 
corresponds to the best path to the actual destination determined by the system. 
 
The Route Based simulation mode of AIMSUN2, which makes assignment 
based on OD matrix and route selection model, has two mechanisms to make 
route assignment, fixed and variable one, depending on whether or not new 
routes are updated periodically during the simulation. 
 
In Fixed Routes assignment, shortest path trees are computed at the beginning 
of the simulation, no new routes are recomputed during the simulation. This 
also means that vehicles always follow their initial shortest paths and no 
decisions about changing to another path can be made during the trip.  
 
There are two alternatives in the Fixed Path Model: Fixed-Distance and Fixed-
Time. In Fixed-Distance model the shortest path is calculated by taking the cost 
for each section as a function of expected travel time and capacity, where the 
expected travel time is the travel time at the maximum allowed speed of the 
section.  
 
Fixed-Time model works similar to the Fixed-Distance model except for when a 
warm-up period is defined. In this case, at the beginning of the warm-up period 
initial paths are calculated in the same way as in the Fixed-Distance Model, but 
when the warm-up period is over and the stationary simulation starts, new initial 
paths are calculated using the Simulated Travel Time obtained during the warm-
up period. 
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In Variable Routes choice model, new paths are recomputed every time interval 
using the simulated travel times obtained for each section during the last time 
interval. There are two options for making variable route choice: dynamic and 
static, depending on whether or not vehicles can make a reassignment during the 
trip.  In AIMSUN2 only guided vehicles can make dynamic route choice. 
 
Currently there are two variable route choice models implemented in 
AIMSUN2 which are used either in assigning the initial route at the beginning 
of the trip or in making en-route adjustment in the dynamic models. They are 
Binomial Model and Multinomial Logit Model. 
 
In the Binomial Model, the probability of selecting each path is assumed to 
follow Binomial distribution with Binomial (k, p), where k is the number of 
available paths, and p is the "success" probability and is defined by user. 
Selecting a smaller p will make oldest paths more likely to be chosen while 
selecting larger values of p will make the most recent paths more frequently 
taken.  
 
In the Multinomial Logit Model, the probability of choosing a path is given by a 
logit form. The perceived utility for a particular path contains the estimated 
travel time and a user defined scale factor.  
 
AIMSUN2 includes the possibility of using Variable Message Signs (VMS) in 
order to implement traffic management actions that may affect the traffic 
behavior. Different types of actions are considered depending on whether the 
simulation is done on Traffic Result basis or in Route based simulation mode. In 
Traffic Result based simulation, three types of actions can be defined: 
modifications of input flows, mortification of speed limits and modifications of 
turning proportions. In Route based simulation mode, the user can select the 
affected sections and modifying the speed limits on these sections and perform 
re-routing to these sections. The re-routing actions can include modification of 
destination centroid and modification of next turning for those vehicles that 
enter into the affected sections.  
 
The compliance to VMS depends on the information type and is defined for 
each vehicle type or for all types the same. Three types of VMS message are 
included: compulsory, warning, or information. The compliance rate for 
compulsory message is 1, which means that the rerouting will be followed by 
every vehicle. Information means the compliance rate is 0, where action's 
success depends on drivers' behavior. Warning message will lead to a 
compliance between 0 and 1. 
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INTEGRATION  
There are two versions of INTEGRATION: mesoscopic and microscopic. Here 
we only talk about the microscopic one. There are basically two routing 
mechanisms embedded in INTEGRATION: feedback-oriented assignment and 
rate-based assignment. They differ from each other in the manner of getting 
travel time data. In the case of feedback method, which is the default routing 
mechanism, the costs is the real-time measurement from the simulation and the 
routes vehicle are to follow are updated on-line based on the user-specified 
updating frequency. The rate-based method uses a macroscopic assignment 
technique which calculates the routes based on planning type of travel time to 
traffic flow relationships, i.e. a standard transportation planning equilibrium 
assignment.  In INTEGRATION, the costs can include time and distance which 
is dominated by time. 
 
INTEGRATION incorporates a microscopic stochastic network assignment by 
defining an error component to the perceived link travel time for the associated 
driver class. This error term can be used to account for the variability in drivers’ 
perception of travel time, and uncertainty in the quality of the travel time data, 
etc. The magnitude of the error term represents the coefficient of variation 
(standard deviation divided by the mean) of the error distribution. The link 
travel time errors are considered normally distributed or log-normally 
distributed which can be defined by users. 
 
As one of node characteristics there is an information availability indicator 
associated with each node indicating if there is information providing device at 
the node or not. In the case that a particular vehicle type has access to an 
information device, the predefined routing mechanism for this vehicle type may 
be temporarily transformed to an alternative routing mechanism of another 
vehicle type. This transformation is initiated when the vehicle passes a node 
which has information providing device, and will be sustained for a time period 
of 180 seconds after the vehicle has departed the link with this node as the 
upstream end. The compliance rate of the response vehicle types to the 
information providing device must be specified by the user which should be 
between 0 and 99 percent. 
 
Integration does not directly respond to any incident. Instead, it responds to the 
delay arisen from flow or speed restriction associated with the incident. And this 
delay experienced by vehicles must be sufficient large as to make an alternative 
route to be more desirable and to trigger diversions. After the blockage at the 
incident site has been cleared, diversions may still sustained if some residual 
queues remain to produce on-going delays.  
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RGCONTRAM 
RGCONTRAM is based on CONTRAM5 and attempts to incorporate drivers' 
response to route guidance system. It can operate in either of two models: 
equilibrium assignment model and “once-through” non-equilibrium simulation. 
Equilibrium model studies the system performance on average conditions and 
produces a stable and user optimum solution. It is useful in analyzing the long-
term effect of dynamic route guidance and providing some basic input such as 
traffic level and DRG penetration for non-equilibrium model. The non-
equilibrium simulation is used for studying DRG and network performance for 
specific scenarios where dynamic processes dominate and preclude the use of an 
equilibrium approach.  
 
Drivers are categorized into a number of groups according to their access to 
guidance and their familiarity of network. Some behavior assumptions and 
behavior logics incorporated in RGCONTRAM are presented as below: 
 
• Unguided drivers unfamiliar with the network will select a roue based on a 

perceived minimum distance or static journey time based on typical speed 
related to link type. 

 
• Guided drivers unfamiliar with the network will follow all route guidance 

received. 
 
• Unguided drivers familiar with the network will reassess their route 

regularly and may divert to an alternative subject to traffic conditions 
experienced.  

 
• Guided drivers familiar with the network will follow guidance unless they 

perceive a better alternative route. 
 
• Familiar drivers, either guided or unguided, encountering unexpected queue 

may divert, subject to a reasonable diversion being available. 
 
 
Based on the behavior logic described above, a number of behavior parameters 
have been implemented in RGCONTRAM: 
 
(1) Perception error of link travel time by drivers. A co-coefficient of variation 
of 0,34 is currently being used. 
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(2) Perceived speed to travel through unexpected queues encountered by drivers 
familiar with the network. This may trigger a diversion if a better alternative 
route is perceived  
 
(3) The frequency with which drivers re-appraise their choice of route according 
to traffic conditions encountered. It can be every intersection, every 5 minutes, 
etc.. 
 
(4) A threshold of travel time difference at each intersection a driver has 
experienced compared to normal travel time. If this threshold exceeds, a 
diversion is considered. This parameter represents familiar drivers’ readiness to 
divert if they experience unexpected delay on a particular day. The value of this 
parameter corresponds to the sensitivity of drivers to current traffic conditions.   
 
(5) A threshold of travel time difference of the guided route compared  to the 
driver’s normal route. If the extra travel time of the guided route (under normal 
travel conditions) is under this threshold (percentage), then the route guidance is 
accepted.  This parameter represents familiar drivers’ willingness to accept 
guidance. If the recommended route on any day is perceived to be much longer 
than the normal route, then supporting information is likely to be required if the 
route is to be followed, e.g. incident ahead-sever delays.  
 
RGCONTRAM attempts to take into account VMS. Some plausible route 
choice logic has been developed, according to driver origin-destination, network 
familiarity, and VMS display. Facilities for VMS modeling in RGCONTRAM 
have been targeted towards the needs for developing a library of strategies for 
coping with different types of incidents implemented via VMS. 
 
 
DRACULA  
The main effort of DRCULA is to incorporate the interaction between demand 
and supply, which both evolve from day-to-day, and the learning mechanism of 
individuals. The demand model predicts the level of individual demand, and the 
supply model determines the resulting travel conditions. The output of supply 
model contains the information, e.g. costs, encountered by each individual from 
origin through to destination. This information will be entered into that 
individual’s knowledge base which will in turn affect the later demand. As 
drivers learn about the system and react to changes within it this iterative 
process just repeats again and again. The input for each driver’s choice on the 
first day of travel is based on average-flow travel times or based on the result 
from previous model run. 
 
Travelers make their route choices based on past experiences and perceived 
knowledge of the network conditions. Through a learning mechanism in 
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DRACULA, each individual forms an updated perceived link travel cost for 
each arrival time interval, which is the average over the last number of days of 
remembered experiences of that link.  
 
There are two route choice mechanisms implemented in DRACULA: utility 
maximization and boundedly rational choice model. In the former case, which is 
the default model, each driver travelling on a particular day chooses their 
perceived minimum generalized cost route. In the latter case, drivers will use 
the same (habitual) route as on the last day they traveled unless they perceive 
the cost of the minimum cost route being significantly better than that on their 
habitual route.  
 
 
MITSIM 
MITSIM, integrated with a simulator of traffic management system, is a 
component of SIMLAB and simulates the state of the network. In MITSIM, 
according to the access to in-vehicle information, two drivers groups are 
assumed: informed and uninformed drivers. Drivers may thus have dynamically 
computed or predefined routes respectively. 
 
For vehicles with dynamic route choice pattern, the route choice is link-based 
and the routes are computed and generated at each intersection. The probability 
of choosing a particular link from a set of outgoing links is calculated using 
multinomial logit model. In the default model, the utility is a function of 
perceived travel time on the next outgoing link, perceived travel time on the 
shortest path from the downstream node of that link to the destination, and the 
penalty that captures freeway bias.  
 
Vehicles with pre-defined route choice pattern will follow their routes unless, 
e.g. an incident is viewed or delay information is obtained from ATIS. In such 
case, they can switch to an alternative route at intermediate nodes. The route 
switching model is also of a logit form. The utility is a function of expected 
travel time on a particular route and the switching penalty if this particular route 
is different from the driver’s current route (or habitual route). This route 
switching model is applied to both initial route and en-route choice. 
 
The perceived travel time are time dependent and are either real-time link travel 
times or calculated from historical database, depending on whether the vehicle 
is guided or not. For sophisticated ATIS/ATMS systems, real-time (predicted) 
link travel times are updated periodically or when information is received from 
traffic management system. The updated travel times are transmitted to the 
vehicles equipped with on-board route guidance devices when they enter the 
range of communication beacon. 
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VMS is also implemented in MITSIM. The state of VMS is represented by 
message type. The real-time state of VMS is managed by controllers in traffic 
management system. Any vehicle may respond to VMS according to a pre-
specified compliance rate. 
 
 
2.42  Summary  
 
A summarization of the major features of the above simulation model is 
provided by Table 2.2. 
 
 
Table 2.2 Summarization of simulation models  
 
 Route choice 

mechanism 
Modeling form Contributing factor 

 
AIMSUN2 Fixed, 

Variable (static, 
dynamic) 

Binomial, 
Logit 

Speed, capacity 
Travel time 

INTEGRATION Rate-based 
Feed-back 

Minimum time 
path 

Perceived travel 
time, perception 
error, distance 

RGCONTRAM Equilibrium 
Non-equilibrium 

Once through 
simulation 

Travel time, 
perception error in 
travel time, 
perceived speed, 
threshold of travel 
time difference 
between experience 
and normal, 
threshold of travel 
time difference 
between guided 
route and normal 
route 

DRACULA Day-to-day 
updated costs 

Logit model, 
boundedly 
rational choice 
model 

Costs 

MITSIM Pre-defined, 
Dynamic (link-
based) 

Logit model Perceived travel 
time, highway bias, 
route penalty 
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Table 2.2 Summarization of simulation models (continued) 
 
 Multiple user 

classes 
Incident ATIS 

 
AIMSUN2 guided, unguided No direct 

description 
VMS 

INTEGRATION Five vehicle 
types 

Responding to 
arised delay 

Information 
providing device 

RGCONTRAM Guided, 
unguided, 
familiar, 
unfamiliar 

Perceived Speed 
through 
unexpected queue, 
travel time 
difference 
between 
experienced and 
normal 

Route guidance, 
VMS (under 
development) 

DRACULA With the 
flexibility 

 With the flexibility 

MITSIM Informed, 
uninformed 

May divert if 
incident is viewed 
or information 
from ATIS 
provided 

VMS, route 
guidance in general 

 
 
2.43  Discussion and Directions for Further Research 
 
Note that the simulation models having been reviewed here are rather well 
established, although further development of some of them is still on-going. 
Two important issues in vehicle routing, the dynamics and the stochasticity, 
have been taken into account to some extent in these models. Nevertheless, 
drivers' route choice behavior is far more complex than what has been 
incorporated, particularly under a circumstance with varying traffic situations 
and a variety of traffic control strategies.  
 
Comparing the theory and methodology framework presented, one can identify 
the problems in existing simulation models and recognize the needs for further 
research: 
 
- The number of route choice factors included in existing traffic simulation 

models was very limited. In some models, time was still the only factor that 
determines individuals' route choice in most studies. The impact of possible 
information on incident was not taken into account. The information source 
and information type considered was also limited.  
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- The stochasticity was captured by either adding a perception error term to 

the perceived travel time or by using a model form like Logit. These 
simulation models had no sensitivity indicator at all or use arbitrary default 
parameters.   

 
- The heterogeneity existed in drivers' taste and behavior was incorporated 

only through the classification of drivers, which was generally based on 
their access to advanced traveler information system. Although drivers were 
further segmented in, e.g. RGCONTRAM, according to their familiarity 
with the road network, the same error distribution was assumed for all 
drivers.  

 
- Drivers' information processing and perception updating was simply 

modeled by taking the average value over the memorized days. 
 
In accordance with the above problems, further research needs to be done along 
the following lines: 
 
- More influencing factors should be investigated and be included. Particular 

effort needs to be directed towards the study of drivers' response to various 
information sources, information types, and the associated confidence 
levels. The parameters of these factors need to be well calibrated and 
validated.  

 
- The heterogeneity among travelers in both perception and taste should be 

further studied and incorporated.  
 
- It is desirable to accommodate both day-to-day and within-day dynamics 

into the model system, which should cover perception updating, habit 
formation and response to incident induced congestion.   

 
- The definition and identification of the route choice set for large and 

complicated road network should also draw some attention. 
 
Individuals' route choices interact with other travel related choices such as 
departure time choice and mode choice. These choices all together influence the 
travel demand and network performance. A combined modeling framework 
which integrates all these choices would be more desirable. 
 



 

 

 
 
 
3 Elements in Route Choice Modeling 
 
Route choice is a complex decision-making process. Particularly when an 
unexpected travel condition is encountered and an adjustment is required. The 
complicated road network which has a large number of alternative routs and 
sharing links, the variation of travel conditions over time and space, the 
uncertainty and heterogeneity in travels' perception and preference are among 
those elements that concern a route choice study.   
 
 
3.1  Goal and Conflict 
 
Driver's actions are directed towards meeting a set of travel goals. According to 
Ben-Akiva et al (1991), drivers' objective is to arrive at their destination within 
a given period of time while incurring the lowest possible costs. Costs include 
monetary costs, travel time costs, and psychological costs. Travel objectives can 
vary among individuals depending on individual character, trip purpose, and 
other factors. Some drivers may have minimizing travel time as the only 
objective, while some others may care more about features like comfort when it 
is leisure trip.  
 
As described in the studies of Adler et al (1993a, b), which construct a model of 
en-route driver behavior based on a conflict theory combined with an overall 
goal-oriented and motivation-based approach, a conflict occurs when a driver 
perceives that these travel goals may not be achieved. When this conflict rises to 
a level at which conflict exceeds a personal threshold of tolerance, drivers are 
likely to alter en-route behavior through either route diversion or goal revision. 
On-route assessment and adjustment is thus a reaction process influenced by 
increased conflict arousal and motivation to change. Assessment and response 
to conflict arousal directly relate to the driver's ability to perceive and predict 
network conditions in conjunction with familiarity of network and accessible 
alternative routes.  
 
 
3.2  Information Acquisition and Processing  
 
During the process of decision making, drivers may acquire information from 
various sources. They can acquire historical information either by retrieving it 
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from their own memory or by retrieving it from some database. Drivers can 
acquire current information either by direct observation or by having access to 
information systems (Ben-Akiva et al, 1991). The acquired information has 
spatial and temporary aspects (Schofer et al, 1993). Spatial knowledge relates to 
the location of routes in the physical environment and is referred to as cognitive 
maps. Temporal knowledge of travel conditions relates to individual's 
expectations of travel time and traffic congestion at different times of a day 
along a route. 
 
Under what conditions people seek to acquire information, and how the 
information is processed and used is a critical element in driver behavior 
research. It has been proposed that people seek to acquire information when 
current perception and memory are inadequate for prediction and evaluation 
needs. Generally, drivers with high level of familiarity have less need to acquire 
information. They are more familiar with traffic patterns, and can better assess 
delays and congestion. In addition, their knowledge of alternative paths is also 
greater, and thereby reduces the need to rely on the information systems. Of 
course, in some cases information sources, e.g. variable message signs which 
are placed on the roadside, provide information to the driver without any active 
attempt to search and acquire. 
 
An individual may have access to limited information, and may have a limited 
capability to combine and process a variety of information. A study conducted 
by Hato et al (1997) analyzed the relationship between drivers' reaction to 
multiple information sources and latent psychological factors. It was found that 
driver's information acquisition behavior can be influenced by latent internal 
variables which are determined by an individual's driving experience and 
individual characteristics.  
 
The information acquired is processed and used to predict traffic conditions and 
to make route choice decision. Drivers may have different abilities and different 
ways to use available information, perform travel forecasts, and develop 
heuristic decision procedures. Lotan and Koutsopoulos (1993) suggested three 
hypotheses on how traffic information is incorporated into the route choice 
mechanism: the simultaneous model, the two-stage model, and the background 
(default) model.  
 
In the simultaneous model all inputs are fed simultaneously into the decision 
process. No differentiation is made between static-type data (relating for 
example to prior experience and perceptions) and dynamic-type data (e.g. on-
line information). 
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The two-stage model is a sequential mode in which the drivers first uses 
information acquired to update their perceptions of system attributes, and then 
make a route choice based on the updated perceptions.  
 
The background model is based on the premise that the driver has developed a 
strategy of route choice and incorporate the new information in light of this 
existing default behavior and make adjustment. This model is consistent with 
prior expectation that drivers resort to heuristics, such as habits and rules of 
thumb in order to reduce the amount of information that is required to make a 
decision (especially in real time and having limited information processing 
capabilities). Drivers may not re-evaluate all parameters involved in the 
decision process at each point in time, but rather make the necessary 
adjustments to accommodate current conditions. 
 
 
3.3  Stochasticity in Route Choice  
 
 
3.31  Route Choice Randomness 
 
Drivers' perception and prediction of traffic system attributes can be inaccurate 
due to uncertainty. Uncertainty arises from two main sources:  
 
• randomness due to the non-deterministic nature of the travel conditions, 
• human prediction errors which is a function of individual knowledge, 

experience and information access level.  
 
One benefit of advanced information systems is to reduce the uncertainty 
associated with individual perception and prediction. For sophisticated ATIS 
systems, predicted travel times can be obtained from the traffic management 
center. As an extreme case, drivers with in-vehicle information equipment can 
be assumed to have perfect knowledge of traffic conditions. Their behavior can 
be predicted as deterministic case. 
 
Travelers' perceived travel time differs from the actual value and varies across 
individuals. Drivers are different in the familiarity with the road network and in 
the access to information and may thus perceive travel time differently. The 
difference can also vary depending on the traffic flow. It is argued that in lightly 
congested networks, the variation in perceived travel time can be expected to be 
more significant than in heavily congested networks (Patriksson, 1994). In 
addition, the distribution of travel time perception for different driver groups 
can appear differently depending on the type of congestion, e.g. recurrent 
congestion or unusual congestion. For illustration, Figure 3.1 and Figure 3.2 
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give the distribution of perceived travel time perception of different groups of 
drivers under recurrent congestion (normal travel condition) and sporadic 
disruption because of incident. Four driver groups are classified on the basis of 
drivers' knowledge of the traffic network and their access to information (a 
similar presentation can be found in Lind, 1997): 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure3.1  Perceived travel time under normal travel condition 
 
 
Where, 
 
a – unfamiliar unguided driver group 
b – familiar unguided driver group 
c – guided driver group 
d – perfectly guided driver group 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.2 Perceived travel time with disruption 
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Figure 3.1 shows that, under normal travel conditions, unfamiliar drivers have 
poor knowledge of travel time, which is represented by the largest variance of 
the distribution, and often overestimate travel time (see curve a). Familiar group 
and guided drivers have more precise estimation of travel time (see curve b and 
c). At the extreme case, the perfectly guided class of users has the information 
of actual travel time (see curve d).  
 
Travel time is only one component of system attributes.  It, together with other 
attributes, constitutes the generalized travel costs. Travelers' perception of travel 
costs are subject to variations, and routes are chosen based on perceived costs 
rather than the actual costs. 
 
 
3.32  Modeling Route Choice Randomness 
 
There are different ways to cope with the uncertainty in travelers' perception. It 
is suggested that, for a driver familiar with the route, the uncertainty is mainly 
attributed to the randomness of travel conditions and it can be represented as 
probabilistic distributions with known means and variances (Adler et al, 1993, 
Lotan and Koutsopoulos, 1993). On the other hand, uncertainty due to 
vagueness in individual knowledge is mainly related to the case in which a user 
is not familiar with a certain link. Fuzzy sets can be used in this case to model 
driver perceptions, and incorporate poor knowledge, and lack of experience or 
familiarity with the network (Lotan and Koutsopoulos, 1993).  
 
 
Logit model 
The usual approach to reflect the variations in travelers' travel costs perception 
is to add a random component to the travel cost function. The distribution of 
traffic flows in a stochastic assignment model depend on the probability 
distribution of the random error term. The logit-based stochastic assignment 
model, which was first studied by Dial (1971) and was further developed by 
Fisk (1977), has been widely used in the modeling of stochastic traffic 
assignment.  The logit model is derived from the assumption that the random 
component in the travel costs are independent and identically Gumbel 
distributed.  
 
The random error in perceived travel costs is accounted for by the variance of 
the stochastic variables. If the variance of the random variant is small, which 
means the perception error is small (due to, for instance, having access to 
accurate information on travel costs and making decision based on it), travelers 
will tend to be cost-minimizer. With large variance in the perception of travel 
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cost, travelers can choose routes with considerably lager actual costs than those 
of least-cost ones. 
 
The many nice properties of logit model (for more details, refer to Ben-Akiva 
and Lerman, 1986) make it the natural choice in the modeling of stochastic 
assignment. Particularly, The fact that the probabilities can be given a closed 
expression singles the logit model among the probability models used. 
However, the logit model is associated with some serious drawbacks. For 
example, the IIA property makes it not capable of accounting for the correlation 
between the costs of overlapping paths. As one of the consequences, the 
overlapping paths receive overestimates of flows. That is, the larger the number 
of routes passing a particular link, the more flow it receives, regardless of travel 
costs on it. The logit model is thus only applicable for the network where the 
error in perceived travel costs are mildly correlated and have a similar 
probability distribution. 
 
 
Probit model 
In a probit route choice model, the disutility perception errors are assumed to be 
distributed according to a multivariate normal law. Perceived travel costs on 
overlapping routes are correlated, and the variance depends on the travel costs. 
 
The probit-based assignment model can, in general, not be given an analytical 
formulation of an optimization problem because of the non-analytical 
formulation of the rote choice probabilities. Method for probit-based route 
choice models invariably use simulation techniques for the numerical 
calculation of perceived travel times. 
 
 
Fuzzy set theory 
The uncertainty associated with varied travel conditions and driver's perception 
and prediction needs to be coped with in the route choice model. Furthermore, 
because of the real-time property of route choice and the limitation in drivers’ 
information processing and cognition capability, drivers may resort to heuristics 
in order to reduce the amount of information processed when they make real 
time decision. Lotan and Koutspoulos (1993a, b) and Lotan (1997) proposed 
using fuzzy set theory and approximate reasoning mechanism to address 
vagueness in driver perceptions and knowledge.  
 
Using this approach travel conditions and driver's preferences are categorized 
into several sets with linguistic labels and vague boundaries. Each element 
belongs to a set with a certain degree of membership within the range of [0,1]. 
Different familiarities with the link can be modeled through both the shape and 
the range of the membership function. The more diffused the shape, the higher 
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the ambiguity and the vagueness. The extreme case is the driver with perfect 
knowledge of the traffic conditions (deterministic case). 
 
 
3.4  Dynamics in Route Choice  
 
 
3.41  Dynamic Element in Route Choice Process 
 
Transport system is continually subject to changes. As long as a user is free to 
choose not to make a particular trip, there will exhibit fluctuations in travel 
demand between OD pairs.  Meanwhile, the constant changes in supply and in 
travelers' decisions regarding to route choice also make contribution to the 
variation of transport system. 
 
Both as a result and as a component of the dynamics of transport system, route 
choice process is far from being static. This includes the spatial knowledge of 
the network affects a driver’s recognition of the existence of alternative routes 
between any two points and also the perception of some route attributes. The 
attractiveness of competing routes varies over time. The current optimal route 
may no longer be optimal for the subsequent time period. Bovy and Stern 
(1989) categorized the route choice dynamics into inter-trip dynamics and intra-
trip dynamics. The inter-trip dynamics is resulted from the fact that a traveler's 
experience gained on one trip will be processed into the route choice for future 
trips, i.e. trip-to-trip learning adjustment, also from the interactions between the 
route attributes and the choices of traveler, as well as long-term interaction 
between route usage and the changes in the transport system introduced by road 
authority. On the other hand, intra-trip dynamics refers to the case that, during 
the trip a traveler may probably decide to take another route for the rest of the 
journey based on the experience on the way, e.g. travel time may deviate so 
much from original estimate. Figure 3.3 presented a diagrammatic description 
of the dynamic processes stated above. 
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Figure 3.3 Dynamics in the route choice process (after Bovy and Stern, 1989) 
 
 
Similarly to intra-trip dynamics and inter-trip dynamics defined previously, in 
recent studies route choice dynamics are usually categorized into within-day 
dynamics and day-to-day dynamics which refer to different sort of system 
variations. According to Cascetta and Cantarella (1991), within-day dynamics 
refers to the variations taking place within the reference time period, whereas 
day-to-day dynamics refer to system variations occurring between successive 
reference period. 
 
The effect of dynamic variations in demand and/or supply during the day and 
between days has been analyzed by a rich amount of studies (Daganzo and 
Sheffi, 1977; Ben-Akiva et al, 1984; Ben-Akiva et al, 1986; Horowitz, 1984; 
Cascetta and Cantarella, 1991; Waltling and Vuren, 1993; Cascetta and 
Cantarella, 1993; Mahmassani, 1991; Waltling, 1996; Liu, 1998). In these 
studies, the parameters such as the number of travelers, traffic conditions, travel 
costs and trip times may vary stochastically, and the travel behavior is assumed 
to be influenced by a learning and memorizing process based on travelers' prior 
experience.  
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3.42  Modeling Route Choice Dynamics 
 
Traditional equilibrium models assume a constant demand over a time period 
which is large enough to allow system to reach a stationary flow pattern. It also 
only looks for the final state reached by the system through the interaction 
between demand and supply, independent of the sequence of states needed to 
reach it. An assignment of such is called within-day and day-to-day static. 
Traditional equilibrium models are thus useful in studying the long-term 
average behavior of drivers who have had sufficient previous experience of the 
same dynamic network conditions to achieve an equilibrium. They rely on some 
assumptions on its coincidence with the actual state of the system and on the 
existence, uniqueness and stability of equilibrium state (Cascetta and Cantarella, 
1991).  
 
As such, they may only be used to represent recurrent congestion under the 
same daily conditions but unable to take account of the variation in demand  
(due for instance to the rush hour) and supply (due for instance to incidents or 
weather conditions) as well as day-to-day variability. This results in serious 
deficiency of using static equilibrium model in evaluating some dynamic 
control strategies which react to perturbations in demand and supply. Besides, 
the study result of Horowitz (1984) shows that under reasonable drivers’ 
learning and forecasting mechanisms the system may not converge at all to an 
equilibrium state. 
 
The usual way to cope with within-day dynamics is to use time-discretization 
approach which divides the study time period into sub slices and assumes a 
static demand and supply for each time horizon. Such approaches have been 
adopted by e.g. Cascetta and Cantarella (1991), Peeta and Mahmassani (1995), 
and Hu and Mahmassani (1995).  
 
Another important component of the dynamics of route choice is the day-to-day 
dynamics. Most of the dynamic network models assume drivers’ perceptions as 
given. In the context of day-to-day dynamics, especially in the presence of 
information, it is highly likely that drivers’ perception of network performance 
will varying depending on their past experience, accessibility to ATIS and 
personal attributes, etc. modeling the process by which travelers combine their 
experience and other information received through various sources is important. 
The learning and memorizing process is involved in cognition and perception, 
i.e. the information acquired through experience of earlier choices and from 
external information sources is processed in the next decision. Specification of 
day-to-day dynamic models requires thus an explicit modeling of the system 
adjustment mechanism including users' memory and learning process and their 
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interaction with operating control strategies (Cascetta and Cantarella, 1993). In 
this way, the role of habit can also be explicitly simulated.  
 
Filters have been applied to explicitly modeling the learning and information 
updating process. According to Cantarella and Cascetta (1995), the filters 
mostly used in literature can be approximated by one of the following two 
types: weighted average filter and exponential smoothing filter. 
 
Weighted average of travel time 
In the weighted average filter, prior perceptions from previous days are fed 
simultaneously into the function expression. The first notable piece of work on 
this is that of Horowitz (1984). An equilibrium model was suggested in which 
the travel choices on each day are based on weighted average of travel time on 
previous days. Horowitz also proposed different models which differentiate one 
from another through using measured travel time or perceived travel time on 
previous days. In Horowitz (1984) drivers’ decision-making is assumed to be 
homogenous, which means individual drivers have the same weighting 
mechanism. 
 
An extension of the above is to allow the weights to vary across individuals. 
This extension was discussed in the studies by Mahmassani and Chang (1986) 
and Waltling (1992). In this way it can be anticipated that, even when drivers 
share exactly the same travel experience and share the same memory of 
experienced travel times, they may have different perceived travel time because 
of the differences in the assessment (weight set) of travel experiences during the 
decision-making. 
 
The weighted average filter can be expressed as  
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where 
 
~Tk

t  is the perceived predicted travel time for path k on day t for individual i; 

Tk
t h−  is the experienced travel time for path k on day t-h for individual i.  

 
Exponential smoothing filter 
In the exponential smoothing filter only prior perception on yesterday's traffic 
conditions is explicitly included. The exponential smoothing filter can be 
expressed as 
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where 
 
~Tk

t  is the perceived predicted travel time for path k on day t; 
~Tk

t −1  is the perceived predicted travel time resulted from the experience or 
acquired information for path k on day t-1;  

1−t
kT  is the perceived experienced travel time for path k on day t-1. 

 
In this way, the difference between the prediction and the experience is also 
accounted for. The case that 11 =−tβ  corresponds to the situation that the driver 
does not update his travel time perception from one day to another. 
 
Similarly, the perceived predicted travel time for day t-1, ~Tk

t −1 , is a function of 
perceived travel time for day t-2 and of the perceived experienced travel time on 
day t-2. Through the recursive process, the form of exponential filter will 
approach the form of weighted average filter except that remote days have small 
weights. On the other hand, it is also reasonable to assume that, based on the 
consideration that the impact of previous experience will damp out over time, 
there should be decreasing weights backward in the expression of the weighted 
average filter. 
 
Ben-Akiva et al (1991) proposed a model for integrating historical perception 
and current information. The updated prediction of travel time for path k is 
given by 
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where iI  is the information provided by ATIS or probably based on own 
observation. 
 
It is possible that a driver gives different weights to the information received 
from different information sources. In addition, in the case that the information 
is from own observation or from existing information systems where predictive 
information is not provided, the driver has to project future traffic conditions 
based on information concerning current travel conditions. Furthermore, for a 
route that the driver has never used before the driver has to either make 
prediction based on external information acquired if it is available or infer the 
travel time from similar route otherwise 
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Alternative specifications of the learning model have been tested by a number 
of studies. Mahmassani and Chang (1986) included driver’s experienced 
schedule delay and dummy variables for early arrival and late. In the travel time 
perception model of Nakayama et al (1999), not only the experienced travel 
time for the past a number of memorizing days are included, the minimum and 
maximum expected travel times are also taken into account. It was supposed 
that by having different weighting mechanism of drivers, one can capture the 
differences across individuals in risk-taking and decision heuristics. For 
example, those who emphasize bad experience will assign larger weights to 
higher ranges of experienced travel time, while those who value good 
experience will assign smaller weight to lower ranges of experienced travel 
time.  
 
Previously mentioned models of drivers’ perception updating are concerned 
only with drivers’ short-term learning which is based on accumulation of 
experienced travel times. Yet, drivers’ learning is also long-term, leading to the 
evolution of the mechanism of decision-making itself; drivers will change the 
procedures of decision-making when they feel that they are not predicting traffic 
condition very well and selecting the right routes. As a result, a driver is likely 
to have a variety of decision mechanisms.  
 
Nakayama et al (1999) incorporated drivers’ long-term learning process by 
implementing a weight-revision mechanism where drivers can adjust weighting 
schemes attached to experienced/expected travel times through trial-and-error, 
i.e. based on the difference between the perceived travel time generated by the 
weight set and the actually experienced travel time.  
 
Another point should be mentioned is that drivers may not only update the 
absolute value of the estimated travel time but also the variance associated with 
it. Abdel-Aty et al (1995), who use stated preference data to investigate the 
impacts of travel time variability and information on route choice, has indicate 
that the extent of travel time variation is a critical factor. This effect can not be 
captured by a model which represents drivers’ perception through the mean 
travel time only. In this context, Jha et al (1998) proposed a Baysien modeling 
framework where perceived travel time was represented by a random variable. 
The variance of the random variable was used to incorporate the 
uncertainty/confidence associated with the time prediction.  
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3.5  Decision Rules 
 
In the deterministic user equilibrium analysis it is assumed that each individual 
drivers knows the actual travel times for all possible routs that connect the 
driver’s OD pair, and that the driver chooses that route which has the lowest 
travel time for the trip. Implied by this decision rule is perfect knowledge and 
perfect rationality. 
 
In a stochastic model, it is assumed that there can be an error in individual s’ 
perception. Based on the utility maximization theory, a driver thus chooses the 
route which gives the highest perceived utility. Still, a hypothesis underlying 
this is each individual is a rational decision-maker. 
 
A counter hypothesis is that human rationality is bounded (Simon, 1947). 
People could have erroneous intuitions because their decision-making is not 
normative as in the theory of expected utility. At the cost of occasionally 
making errors, individual may use approximate methods thus simple rules and 
rely on limited search effort to select among options due to limited information 
processing capability and resources. Such behavior can be explored with a 
bounded rational decision rule, whereby drivers switch from their current path 
only if the perceived improvement in the remaining travel time exceeds a 
threshold level. There is evidence showing that there exists indifference bands 
or thresholds in drivers' route choice (Mahmassani and Jayakrishnan, 1991). 
This threshold level is the maximum of two values: one is an absolute minimum 
travel time improvement below which user will not switch route; another one is 
the threshold level for the fraction of the remaining travel time on the current 
path. In the work of Mahmasssani and Jayakrishnan (1991), the first one was 
assumed to be identical and set to one minute in the experiment, the second one 
was randomly distributed across population. One limitation of this model is that 
only time is taken as the criteria for switching decision. 
 
Adler et al (1993a, b) construct their model of en-route driver behavior based on 
a conflict theory combined with an overall goal-oriented and motivation-based 
approach, which posed that en-route assessment and adjustment is a reaction 
process influenced by increased conflict arousal and motivation to change. 
Driver's actions are directed toward meeting a set of travel goals. A conflict 
occurs when driver perceives that these travel goals may not be achieved. When 
this conflict rises to a level at which conflict exceeds a personal threshold of 
tolerance, drivers are likely to alter en-route behavior through either route 
diversion or goal revision. Assessment and response to conflict arousal directly 
relate to the driver's ability to perceive and predict network conditions in 
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conjunction with familiarity of network configurations and accessible 
alternative routes.  
 
Individual behavioral differences and experiences lead to the specification of 
different threshold levels between decision makers. In addition, situational 
factors impact threshold levels of each decision-maker on a trial-by-trial basis. 
The threshold to conflict tolerance is defined as the overall utility of a given 
route below which the route becomes undesirable. The utility for a specific 
route is measured by the additive sum of the perceived expected value of the 
goal attainment level multiplied by the relative weight. This perceived utility 
may be stated as the actual utility biased by personal behavior (e.g. risk) and an 
uncertainty factor, which is a function of the driver's behavior, experience, and 
knowledge of the route and the system. Similar to Mahmassani and 
Jayakrishnan (1991), Adler et al also defined an improvement in the diverting 
decision rule. Diversion will occur if the perceived utility on the alternative path 
is greater than the utility projected for the current path by some improvement 
threshold. If alternative route provides only marginal improvement, there may 
be little motivation to take the effort to divert. 
 
The goal set is defined to contain the following elements: minimize schedule 
delay, minimize travel time, minimize number of stops, and minimize number 
of decision points. Travel objectives vary among individuals and are a function 
of individual character, trip purpose, and other factors. 
 
Fuzzy logic provides another framework in modeling individuals’ decision 
process. The decision process is supposed to consist of four elements: rules, 
approximate reasoning, aggregation mechanism, and defuzzification scheme. 
The complexity of the overall decision process is captured by existence of 
multiple (possibly conflicting) rules which are being processed simultaneously. 
Through this procedure, the attractiveness of each alternative can be obtained. 
These values of attractiveness are treated as systematic component of utility 
functions for these alternatives and the probability of choosing each alternative 
are then calculated.  
 
This framework has been applied in the studies of Lotan and Koutspoulos 
(1993a, b) and Lotan (1997). The advantage of this approach lies in its ability to 
model the decision process as a nonlinear combination of various considerations 
each of which deals with a certain aspect of the overall choice. Another 
advantage of approximate reasoning transportation model is that it can 
accommodate fuzzy inputs and thus allows for a more natural and intuitive 
modeling of perceptions relating to observations and to the received 
information. 
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The study of Adler and Casello (1997) combined all the above theories and 
methodologies. It incorporated the notions of conflict thresholds and significant 
improvement in performance through the multi-objective extension of the 
boundedly rational switching rule. Diversion to an alternative path was a 
function of both level of arousal and significant improvement. Fuzzy logic and 
approximate reasoning were used to model drivers' perception and decision 
making.  
 
 
3.6  Heterogeneity in Route Choice 
 
 
3.61  Heterogeneity in Route Choice Behavior 
 
It appears that there are strong differences in preference and behavior in 
individuals’ route choices. The diversity is attributed to the difference in 
individuals’ perception, evaluation and even decision rules. Through perception 
the individual has a certain cognition of the existence of alternatives and the 
characteristics of the alternatives. The provision of information will impact the 
precision and variance of the perceived attributes, e.g. travel time. Through 
evaluation, these perceptions are transformed into a desirability scale. 
According to a certain decision rule, individual makes his/her decision based on 
the desirability scale. Despite these strong differences, on the other hand, 
different individuals may choose the same route, though on different ground. In 
order to understand drivers’ route choice mechanism and to evaluate the impacts 
of some routing control strategies it is desirable to acquire the knowledge of 
underlying individual differences. 
 
Therefore, in the study of individual route choice behavior, it is critical to 
capture the heterogeneity in drivers' behavior. The differences in individuals’ 
response to alternative attributes and the differences in their preference to 
various choices can be characterized by systematic and random heterogeneity. 
The systematic heterogeneity is identified by some observed individual 
characteristics. Whereas, the random heterogeneity is resulted from some 
unobserved individual factors. 
 
 
3.62  Modeling Heterogeneity in Route Choice 
 
To deal successfully with the problem caused by heterogeneity across different 
drivers, it is very often to perform assignments with multiple user classes. A 
user class is a particular combination of, e.g. access to information, and user 
behavior parameters. In this way, the systematic heterogeneity of different 
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driver groups can be captured to some extent. Another way to cope with the 
systematic taste variation is to use interactive variables. For example, using 

variable 
income

etravel tim  can accommodate the difference of people with different 

income level in the responsiveness to the change of travel time. 
 
Most of recent assignment models have recognized that the introduction of ITS 
creates multiple classes of travelers. Multiple-user-class assignment model can 
be found in many studies (e.g. Lo et al, 1996; Ran and Boyce, 1997; Zhang and 
Smith, 1996; Peeta and Mahmassani, 1995; Bonsall and Palmer, 1996; Bonsall 
et al, 1997; Watling and Vuren, 1993) and traffic simulation packages such as 
INTEGRATION, AIMSUN2 and MITSIM. A classification of drivers can be 
made on the basis of, e.g. time values of drivers, accessibility to ATIS and 
familiarity with road network.  A classification of vehicle types could 
distinguish trucks and busses from cars, heavy vehicles from light ones, private 
transport from transit, etc. 
 
In stochastic route choice models, which are often formulated as logit models, 
the random preference heterogeneity can be accounted for by including a 
random noise term in the utility function for each alternative. Nevertheless, the 
models in standard logit form assume that, within each user class, the 
coefficients for the variables entering the model are the same for all the drivers. 
It implies that drivers with the same observed characteristics exhibit 
homogeneous response to alternative attributes by assigning the same weight to 
each factor entering the model. This hardly holds in reality for a population with 
a large variety of different tastes. In this context, The variable coefficient model 
which allows for variable response by assuming the coefficients for certain 
attributes in the utility functions follow some statistical distributions, e.g. 
normal or log-normal. A more detailed discussion of this method is given in 
section 4.2 of Part II. 
 
 
3.7  Complexity of Road Network 
 
Discrete choice models have been widely used in modeling travel choices, 
among which logit model is the one that has been most frequently used because 
of its closed functional form and relative simplicity in estimation. However, the 
direct application of it to route choice behavior is not feasible. The nature of 
route choice poses a unique problem because of: 
 
• The large number of physically feasible paths between most origins and 

destinations  
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• Those potentially feasible paths may not being all perceived and considered 
by drivers 

• The complex overlapping of these paths 
 
In addition, travelers' learning process and the heterogeneity in their preference 
make the problem even more complicated. In the following the above issues 
will be addressed. 
 
 
3.71  Choice Set Formation  
 
The enormous density of urban networks entails that a magnitude of routes is 
available. In traffic assignment, path enumeration can be computationally 
intensive and behaviorally unrealistic. In reality, the actual individual feasible 
choice set, i.e. the routes that drivers compare and make a trade-off, can be very 
limited. This reduction is due partly to limited cognition of the opportunities, 
the presence of constraints, and also elimination by aspects. 
 
According to Bovy and Stern (1989), a route choice set hierarchy can be 
presented as in Figure 3.4, with lower-order alternative being the subset of the 
higher-order one. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.4  Hierarchy of choice sets of a given choice situation (after Bovy and 

Stern, 1989) 

Existing set 

Known set 

Available set 
Feasible set
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To transfer the large number of possible routes to a smaller choice set, a 
labeling approach is proposed by Ben-Akiva (1984). Using this approach, a 
number of optimality criteria are defined on the basis of surveyed choice 
motives each representing a specific label, e.g., 
 
Minimize time 
Minimize distance 
Maximize the use of highways 
Minimize the number of stops and signals 
etc. 
 
A criteria (impedance) function is defined for each label. A label path is the 
optimal physical path with respect to the corresponding label. A label path 
generated with respect to a certain criteria other than travel time and distance, 
e.g. a minimum signal path, could deviate appreciably from the minimum time 
path to an extent that made it unreasonable. In order to avoid this, functions 
defined for all the labels other than the time and distance should be a weighted 
sum of travel time and the attribute describing the label. 
 
The parameters of the label functions are estimated from a sample of observed 
route choices with maximizing coverage process. This means that the optimal 
values of the parameters of the impedance functions are the values that 
maximize the number of chosen paths that are covered by the label set. The 
objective function can be expressed as  
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where 
 
N is the sample size;  
J is the number of labels;  
Pin  represents the path for label i;  
Pcn  represents the chosen path by observation n; 
Cin  is a dummy variable indicating the coverage of a chosen path in observation 
n by label path i; Dijn  is a dummy variable indicating the overlap between label 
path i and label path j for the OD pair of observation n. 
 
It is possible that not only the optimal path is taken into the choice set, 
particularly with respect to travel time. In such case, one can suppose that, by 
having the term of travel time always being included in the label functions, the 
set of label paths already covers those sub-optimal paths. 
 
It is not always appropriate to impute the choice set deterministically from 
situational constraints. Probabilistic choice models have addressed this issue by 
focusing on the existence of random constraints that imply the unavailability of 
certain alternatives (Swait and Ben-Akiva, 1987). More recent work by Ben-
Akiva and Boccara (1995) incorporates into a single framework of choice set 
formation modeling the effects of stochastic constraints and the influence of 
perceptions and attitudes on the choice set generation process (Ben-Akiva et al, 
1996). 
 
Awareness of paths can be treated implicitly by adding a term to path utilities. 
There are two cases need to be considered: 
 
Case 1: analyst knows what paths a person is aware of 
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where  
 

rV  is the utility of route r, 
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rq =1 if individual is aware of route r, 0 otherwise 

dQ is the set of routes connecting the specific OD pair 
 
 
Case 2: analyst does not know what paths a person is aware of 
 
In this case, rq in the previous equation is replaced by a random variable with 
expectation rq , and 
 

∑−+
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     (3.6) 

 
where 
 
k = Index of attributes; 

krY = availability/perception of attributes; 

kγ = coefficients to be estimated. 
 
 
As such, rather than assuming the choice set being deterministic and 
homogenous across individuals, the choice set generation is modeled as a 
probabilistic process (Ben-Akiva and Boccara, 1995; Ben-Akiva, 1998; 
Cascetta, 1996, 1997). Subjective choice set constraints can be used which are 
random and unobservable. And latent choice set is generated with alternatives 
having certain degrees of availability. The application potential of such 
modeling approach still needs to be further explored because of its difficulties in 
estimation.  
 
 
3.72  Overlapping of Paths 
 
Logit model and Probit model are most frequently used for modeling stochastic 
route choice probabilities based on random utility theory. The logit model 
assumes that the random error terms in the utility functions are independently 
identically distributed with Gumbel distribution (IID.). This assumption results 
in the property of independence of irrelevant alternatives (IIA) for the 
multinomial logit model. This property is not theoretically acceptable to the 
route choice problem where alternative paths often share many common links. 
Especially in urban network, the correlation between paths violates the IIA 
property of multinomial logit model.  
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Probit model doesn't have the undesirable IIA property since it does not require 
the random error terms to be IID distributed. However, the application of Probit 
model is limited because of its computational difficulty. 
 
Nested logit model, allowing a limited correlation across subsets of alternatives 
while keeping a closed analytical form, is not suitable for route choice as 
common network topologies make inappropriate the tree-like structure of 
covariance (Cascetta et al, 1996). 
 
One way to deal with this problem is to change the specification for the 
systematic utility of the multinomial logit model by adding a correction term. 
This correction term should account for the degree of overlapping of a path with 
the other paths in the choice set. The function of it is to decrease the probability 
of choosing heavily overlapping paths. A size variable (Ben-Akiva, 1998), for 
example, can be included which accounts for the common fraction shared by 
two paths. Gelieb (1999) used a scaled paired combinatorial logit which scales 
the utility by a corresponding pairwise similarity parameter. A generalized 
nested logit model, which nests alternative routes, is first proposed by Wen and 
Koppelman (2000) and is used by Bekhor and Prashker (2001) in a user 
equilibrium formulation. These models overcome the undesirable IIA property 
of logit model while keeping the closed structure of logit model.  
 
C-logit model proposed by Cascetta (1996, 1997) is of particular interest. This 
model replaces the size variable by a commonality factor. There are several 
specifications for the commonality factor which are given by: 
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where  
 
Ljr  is the length of common link shared by path j and path r;  
Lj  and Lr  are the total length of the paths j and r respectively;  
γ  is a positive parameter that needs to be estimated;  
R is the set of all feasible paths connecting the OD pair.  
 
Alternative specifications of the commonality factor are 
  
CF Nr jr j

j R

=
∈
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where  
 
ω jr  is the proportion of link j in route r, which is defined as the fraction of the 
total length which can be attributed to link j and the link weights sum up to one 
for all links of a given path;  
N j  is the number of paths connecting the same OD pair which share link j. 
 
The commonality factor is not necessarily related only to the shared physical 
length. Cascetta extended the concept of length to the link additive part of 
generalized cost, depending on which measure of similarity that is connected to 
the common links. 
 

 
3.8  Route Choice Factors 
 
A large number of factors can affect individuals’ route choice behavior. As 
discussed in previous sections, individuals’ perception function can be different 
and thus the same attribute value may be transformed into different subjective 
cognition. In addition, some factors can interact with each other. Incorporating 
all these elements is a difficult task. Besides, it is not practical to model all these 
factors in a traffic assignment model, and therefore approximation is inevitable. 
The most common approximation is to consider only two factors in route 
choice, time and monetary cost, where monetary cost is often deemed 
proportional to travel distance. In summarization, Table 3.1 presents possible 
influencing factors.  
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Table 3.1 Factor attributes that can influence route choice behavior (after Bovy 
and Stern, 1990) 

 
 Attributes 
Characteristics 
of the 

General Effort-related Comfort-
related 

Others 

TRAVELER Age, sex, life 
cycle, 

income level, 
education, 
household 

structure, race, 
profession, 
length of 
residence, 

no. of drivers in 
family, 

years having 
driver license, 
no. of cars in 

family 

   

 Road type of road, 
width length, 
no. of lanes, 
angularity, 

intersections, 
bridges, slopes 

travel time, 
travel cost 

road surface, 
waiting time, 

speed limits, 
law 

enforcement 

ROUTE Traffic traffic 
composition, 
traffic density 
in traffic flow, 

in counter flow, 
in cross flow, 
travel speed 

Congestion, 
access in/out, 
no. of turns, 
stop signs, 

traffic lights, 
pedestrian 

noise nuisance 
lighting 

signposting 
parking at 
destination 

direct 
charges/toll, 

parking along 
the road, 
safety & 

probability of 
accident, 

reliability and 
variation in 
travel time 

 Environment aesthetics, 
building type, 

building density, 
land use along 
route, scenery 

Crossings, 
easy pick-

up/drop-off 

 security/crow
dness/privacy 

TRIP trip purpose, 
time 

budget/pressure, 
time of the trip, 
no. of travellers 

mode used 

   

CIRCUMSTANCES weather 
conditions, 
day/night, 
accident en 

route, 
emergencies, 
road & traffic 
information 
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It has been pointed out that the importance of route attributes varies with driver 
characteristics and trip attributes. For example, the importance of amenities, 
such as comfort and pleasant scenery, increases in more leisurely social 
recreation and shopping trips instead of putting great importance on direct and 
quick access to the destination in the trip to work. Upper income travelers also 
prefer more scenic routes. The relative importance of choice attributes also 
varies with the length of the trip to be taken. Perceived travel time has been 
found to be the most affecting attribute in short trips and the number of turns 
has been respectively found in medium-length choice situations. For those who 
perceive trip length in physical distance, the total travel time is the most 
important attribute in long trips. For those who perceive it in terms of time, the 
total delay time is the most important attribute (Bovy and Stern, 1990). 
 
In the following a more detailed description of route choice factors is presented. 
The content of this part is mainly based on Adler et al (1993), Asad et al (1993), 
Bonsall (1992), Bonsall and Palmer (1996), Khattak et al (1993), and Schofer et 
al (1993). These factors are categorized into the following groups: 
 
Route attributes which are related to road characteristics, traffic conditions, and 
environmental considerations; 
Information characteristics, such as information content, type and attributes; 
Trip attributes, such as trip purpose and fixness of schedule/time pressure; 
Driver attributes, including their socioeconomic characteristics, personality and 
familiarity with traffic network; 
Others which include some compound factors that can't be easily categorized 
into one of the above groups. 
 
 
3.81  Route Attributes and Travel Conditions 
 
Travel time is a dominant criterion for driver choosing a path, especially in the 
urban context. Longer travel time on driver's preferred route induces diversion. 
Travel time criteria that drivers use to make route choice can vary with drivers' 
characteristics. Bonsall and Palmer (1996) found that unfamiliar driver's 
behavior was better explained using free flow travel time which is flow 
independent, whereas familiar driver's behavior was better explained using 
normal average travel times. 
 
Route length, in terms of physical distance, also impacts travelers' route choice. 
If the travel time is the same, driver will take the path with the shortest distance. 
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A lower number of traffic signals and stops on the alternative route increases the 
possibility of diversion. Drivers generally prefer freeways compared to surface 
links because of their higher speed, fewer slowdowns, and no stops at red lights. 
Further, the comfort and stressfulness of a route may influence diversion 
decision. Drivers are more willing to maintain a steady course with few 
maneuvers and decision points. They avoid to follow signposted routes. 
 
In addition to route attributes, traffic conditions affect the likelihood of 
diversion. Drivers are influenced by a desire to avoid congestion and other 
queues. Increasing delay on the regular route encourages diversion. There is a 
variation among drivers on the tolerance of delay. This can be due to the 
difference in their familiarity with alternative route and their trip attributes. The 
response to varying lengths of expected delay is positive but nonlinear. A 
decreasing rate of marginal impact of delay has been demonstrated. Besides, 
different cause of delay leads to different reactions. Drivers are less likely to 
divert in response to recurring congestion compared with incident congestion. 
This can be explained by that driver's routine choice of a route reasonably 
accounts for delays due to recurring congestion because they normally occur 
during predictable times of day. Moreover, the relative location of an accident 
and the behavior of preceding driver also have an impact.  
 
Travel speed is an important index of travel conditions. Sharp decrease in travel 
speed increases frustration and anxiety and is likely to trigger changes in en-
route behavior. In the course of en-route travel, drivers' response to speed can be 
different. In contrast to the first diversion, the actual link speed is not significant 
in the secondary diversion for those drivers who make multiple diversions. 
Rather, the ratio between the perceived link speed and the expected average 
travel speed is significant (Adler and McNally, 1994). It is hypothesized that 
drivers' expectations and thresholds to perceive travel conditions vary as travel 
progresses. After drivers have moved from initially preferred travel path, there 
may be a tendency to become less sensitive to absolute speed and more concern 
with relative speed as it relates to reaching the destination within the desired 
objectives. 
 
 
3.82  Information 
 
Travel decision requires the perception and prediction of travel conditions to 
determine whether or not travel goals will be attained. The limited geographical 
area of perception available to drivers makes it difficult to determine if the 
performance of links to be traversed is consistent with expectations. Limited 
knowledge also impacts evaluation and any subsequent choice of alternative 
travel strategies. Ignorance or uncertainty of the availability and performance of 
alternative routes reduces the likelihood of diversion. In the light of these 
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problems, the potential of ATIS is to tell drivers of impending problems, to 
enlarge a driver's choice set and resources, and to reduce the uncertainty or 
perceived risk associated with diversion. 
 
However, information system can also imply an adverse effect. If too many 
drivers respond to information, overreaction will occur which causes congestion 
to transfer from one road to another. This is likely to take place if drivers or 
information provider fail to consider or underestimate the potential response of 
all drivers (Ben-Akiva et al, 1991). This problem can be eliminated by 
providing predicted traffic conditions to the drivers (Ben-Akiva, 1998) or by 
allowing only a fraction of drivers access to information (Mahmassani and 
Jayakrishnan, 1991).  
 
There are three types of ATIS existing: advisory radio, variable message sign 
(VMS), and in-vehicle navigation and guidance system (IVNS). The value of 
information much depends on how people view it and respond to it. It has been 
found that drivers are more willing to divert based on radio traffic reports 
compared with their own personal observations. This may be due to the fact that 
there has been recognition that traffic reports can give a more global and clearer 
image of congestion and delay (Asad J. K. et al, 1993). 
 
Limitation on people's cognitive abilities restricts their ability to process and 
store information. As such, it has been suggested that the amount of information 
provided to decision makers may not be as important as the method of 
presentation or the stage in the choice process that it is presented at. Therefore, 
the information content and type, information format, and information attributes 
have great impact on drivers' response to the information. It has been posed that 
qualitative (text) description of congestion might have less influence on route 
choice than quantitative estimates of travel times in minutes. It has been also 
pointed out that some presentation styles might be more useful and more 
effective than others, depending on context. Some drivers prefer terse message 
compared with conversational style. Some drivers are likely to find map-based 
information more useful than others. It is suggested that positive diversion 
advice enabled drivers to avoid congestion more successfully than factual 
information. 
 
Information is more likely to influence decision making if it is perceived as 
credible, reliable, accurate, timely and relevant. It seems that drivers do not 
accept the advice unquestioningly, some simply ignore it believing it to be 
unreliable, while others deliberately do the opposite of what is advised on the 
assumption that other drivers will be following the advice, leaving the road free 
for themselves. 
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It was also found that drivers' acceptance of an item of non-optimal advice was 
very dependent on the quality of advice they had received on previous journeys. 
They had obviously come to a view as to the credibility of advice based on their 
accumulated experience of journeys made with and without guidance. 
 
Different information sources may receive different responses from drivers. 
Bonsall and Palmer (1996) performed a study on drivers' compliance to VMS 
using driving simulator of VLADIMIR. Their main findings are summarized as 
below. 
 
 
3.83  Driver Characteristics 
 
Drivers with different socioeconomic attributes may have different propensity to 
divert. Males were more likely to divert than females. Higher income drivers are 
more willing to divert, probably due to higher value of time. Driver's acceptance 
of advice also varies to some extent according to personal characteristics. 
Young drivers are less likely to accept advice. 
 
The affinity toward taking risk is also an important factor. The majority of 
drivers who diverted take familiar alternative routes. The uncertainty associated 
with predicting future travel states impacts the en-route decision making 
process. Drivers who are more inclined toward adventure and discovery are 
more likely to divert. Changing the perception of uncertainty highlights the 
value of real-time information on traffic network conditions. The reluctance to 
take unfamiliar alternatives may be reduced with the navigation guidance 
support of ATIS. 
 
Drivers' familiarity with traffic network significantly influences their route 
choice and switching decision. It was found that drivers tended to use the same 
route day after day largely because they had limited knowledge of alternatives. 
Familiar drivers demonstrate larger flexibility in their en-route diversion 
behavior because they know more alternative routes. On the other hand, those 
drivers who have used their regular route longer or made trip more frequently 
show a tendency toward habit formation or route commitment (Adler and 
McNally, 1994; Lotan, 1997). There exhibited larger homogeneity among 
unfamiliar drivers in terms of their switching and diverting behavior, while 
familiar drivers showed clear taste and preferences among alternatives. Drivers' 
familiarity with traffic network also impacts the route choice criteria they use. 
Familiar drivers' en-route behavior is based on the travel conditions they have 
actually encountered, whereas unfamiliar driver's behavior is more independent 
on the current travel conditions. 
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Drivers' acceptance of advice also varies according to their knowledge of the 
network. There must be impression that the information will significantly 
improve prediction. It was found that unfamiliar drivers were more likely to 
divert in response to a message from radio broadcast than were familiar drivers. 
When drivers are very familiar with networks and have high certainty as to 
network conditions, there are less inclined to use the information system and 
accept advice. 
 
Drivers with different familiarity of network prefer different types of 
information. When drivers are unfamiliar with surroundings, they may be more 
willing to use prescriptive information such as instruction to use a certain route, 
whereas in familiar area they may prefer descriptive information to make their 
own route choices and reject guidance and criticize its accuracy. 
 
 
3.84  Trip Attributes 
 
The route choice criteria can vary according to different journey purpose. In 
some journey purposes time minimization is very much a minority concern. 
Avoiding congestion and certainty of arriving time are seen as more important 
than time minimization by a substantial proportion of drivers. It has been 
pointed out that arriving on time is important. There is a distinction between 
ideal level and threshold level of schedule delay. A diminishing return is for 
arriving too early. 
 
Drivers are more willing to divert when they are under time pressure. The trip to 
work with fixed schedule normally implies greater time pressure, and trip home 
without time constraints implies relatively low time pressure.  
 
Trip length, in term of time or distance, influences drivers' en-route diversion 
decision. Drivers with longer travel time commutes are more likely to divert, 
probably because they have greater opportunity to switch routes. Khattak et al 
(1993) used the logrithmatic transformation of travel time variable based on the 
consideration of reduced sensitivity to trip time increases. Similarly, The 
remaining trip length also influences the diversion decision. When drivers are 
closer to their destination, there is more emphasis on getting there rather than 
risking worse performance by diverting and they may be less willing to divert in 
response to delay. Adler and McNally (1994) found this factor is more 
significant in determining secondary diversion. They explained it by that, once 
away from primary route, drivers may be willing to take more chances as the 
distance to destination increases.  
 
Drivers' trip attributes also impact their compliance to guidance. Mahmassani 
and Jayakrishnan (1991) have suggested that a drivers' decision on how to react 
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to an item of information or guidance reflects their assessment of the relative 
probabilities of arriving at their destination by the desired time if they take one 
route rather than another. If it is so it might further reinforce drivers' tendency to 
stick to known routes rather than risk new ones even if advised to do so. The 
finding of Bonsall (1992) demonstrated that drivers with time minimization as 
route choice criteria are less likely to accept advice than those with modest 
criteria such as distance minimization or selecting straightforward routes.  
 
 
3.85  Others  
 
Drivers have a relative preference for not diverting from the planed route. 
However, once they changed from the original route, they are reluctant to return 
to the original route (Khattak et al, 1993). This doesn't necessarily mean that 
drivers stick to their changed route. The results got by Adler and McNAlly 
(1994) demonstrated that once drivers diverted, they were more likely to divert 
again. This may be partly explained by the route-planning process. A driver 
may have a primary route to the destination. Once this primary route has been 
abandoned, drivers may not have a single secondary route to the destination, but 
be more willing to make decisions on the go. 
 
 
3.86  Findings of VLADIMIR  
 
VLADIMIR is a route choice simulator which provides a computer-based 
network to the respondents, who can then make a series of route choices with a 
variety of different travel conditions and information formats. The findings from 
the study of VLADIMIR (Bonsall and Palmer, 1996; Bonsall et al, 1997) is of 
special interest to our project and a summarization of these findings is thus 
included as a separate part of the thesis as below. 
 
A message contained by VMS may be intended to inform or warn a problem 
and /or to instruct or advise use of an alternative route. The effectiveness of 
messages depends on a number of factors. The primary requirement to 
constitute an effective VMS message is that the message should be visible, 
legible and understandable.  
 
Besides, the construction of the message is important. Combination of cause, 
effect and advice is particular influential. It has been suggested that messages 
have the greatest effect they combine routing advice with information about an 
incident on the normal route. Giving advice without information is less effective 
than giving information without advice.  
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Quoting the cause of the problem can make the message more convincing, but it 
has been noted that the mention of 'roadwork' as the cause may reduce this. 
Mentioning the cause as accident is much more effective than queue and delay. 
Nebulous message is less effective than more definite one.  
 
Messages which include a description, preferably quantified, of the effect of the 
problem have been seen to be more influential than signs simply giving 
directional advice or a description of the cause of the problem. Unquantified 
descriptions of delay seem to vary according to the location of the VMS site. 
Some VMS systems express conditions in terms of the length of queues rather 
than the length of delay, presumably this is done because it is easier for highway 
authorities to measure, and predict, queues than delays. The study results 
concluded that drivers found it easier to make decision when presented with 
quantified estimates of delay. Messages describing minor problem may be 
counter productive if the quoted level is perceived to be less serious than normal 
condition. There is a strong relationship between the diversion achieved and the 
extent of delay quoted. A big delay has a much more effect than a small one. 
Mentioning a small delay may sometimes produce less diversion than not 
mentioning it at all.  
 
The strength of advice influences the compliance. Compliance with advice is 
the highest when the instruction is assumed to be mandatory (in the form of 
text). VLADIMIR has revealed a higher compliance with clear instruction 
indicating an immediate action. It was also found that an instruction is more 
likely to be heeded if the location of the problem is specified, particular if it is 
relatively close by. This latter finding reflects the fact that a more distant 
problem allows the driver to delay his decision point until later on, by which 
time news may come in indicating that the problem is resolved.  
 
The effectiveness of a particular message will depend on the proportion of the 
passing drivers for whom it is relevant, the relative attractiveness of the 
potential diversion route and the local traffic conditions and the characteristics 
of the drivers. Advice to take the natural continuation of the route which the 
driver is already on will be complied with to a greater extent than advice to turn 
off. This effect is an additional to the well known tendency of drivers to wish to 
stay on their previously intended route unless new evidence indicates that it is 
seriously suboptimal. Network and traffic conditions, such as the upstream 
congestion and local congestion at the VMS site influence drivers to accept 
diversion.  
 
The most important driver characteristic is their level of familiarity with the 
network and hence their ability to understand the significance of messages and 
respond appropriately. Network familiarity influences the type of information 
sought. It is often argued that familiar drivers have a preference for information 
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rather than guidance. The finding by VLADIMIR revealed that familiar drivers' 
compliance with directional VMS guidance was around ten percent lower than 
that of unfamiliar drivers. 
 
Message refers to locations or diversion routes which the unfamiliar driver may 
not know, or even when unfamiliar drivers think they might know the diversion 
route, they may be disinclined to use it for fear that, if they leave the main road, 
they may subsequently find the advice petering out leaving them lost. Messages 
containing information but no guidance are particularly likely to leave 
unfamiliar drivers unable, or unwilling, to respond. 
 
Lower compliance by females has been noted by several authors and has been 
attributed to a greater reluctance to use or explore new routes. Drivers' previous 
experience of the reliability of VMS information influence their response to 
VMS. Drivers who have previously been exposed to poor quality advice (who 
have come to regard VMS as unreliable) are less likely to divert in response to 
message. They put more weight on the traffic conditions at the site and 
relatively less on the VMS messages. The compliance can fall dramatically if 
the VMS systems lose credibility- even if the perceived unreliability is 
unconnected routing advice. 
 
 
3.9  Integrated Choices  
 
The travel decision of an urban traveler consists a sequence of choices: whether 
to travel or not, which destination to go to, by which transport means and using 
which route to get to the destination. When there is no congestion on the 
respective modal network, that is, when all factors of travel demand including 
e.g. link travel costs are fixed and independent of travel volumes, these travel 
choices can be analyzed separately without considering the interaction between 
them. When there is congestion, on the other hand, the demand factors are 
functions of the demands, and there is strong interrelation between travelers’ 
decision making and the performance of the transport system. In such case, an 
integrated modeling framework is required in order to capture the inaction 
between those travel-related choices. From individual behavior point of view, 
these respective decisions are made jointly and may influence one another. 
 
More specifically, with respect to individual’s route choice, travelers' reaction to 
congestion encountered on the way may be more far-reaching than mere 
consideration of their route choice on following trips. In many cases, they are 
able to choose and adopt their travel times and even transport mode in such a 
way that the disadvantageous effects of a certain route choice may be avoided. 
In congested network situations, therefore, it is essential that route choice be 
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studied in combination with departure time and mode choice, may be even with 
some long-term choices. Effort of formulating a combined route choice model 
can be found in studies of Liu (1999) and Mahmasani and Jayakrishnan (1991). 
 



 

 

 
 
 
4 Modeling Framework 
 
 
4.1  Chosen Approach 
 
As stated in Chapter 3 of Part II, there are a great number of elements involved 
in analyzing and modeling route choice behavior. To cover all these elements in 
a single modeling framework is obviously difficult. In the present study, three 
issues lie in the center of our concern: the dynamic aspect, randomness and 
heterogeneity of route choice behavior.  
 
A time discretization approach is used to incorporate within-day dynamics, 
which assumes that travel conditions are static for each discrete time interval 
and varies over time periods. Each individual makes their route choice based on 
the perceived travel condition at the time point when they make their decision. 
A model for perception updating and learning can in principle also be 
formulated in a similar way as in the literature presented in section 3.2 of Part 
II. Route choice decisions under both normal travel conditions and incident-
induced congestion are considered. 
 
Drivers are assumed to be optimal decision-makers who choose the route with 
the least perceived cost. The random utility model is applied to modeling of 
drivers' route choice. The randomness in drivers’ perceptions and cognition is 
captured through the noise term in the model. The main effort of this study is to 
address the variation in drivers' route choice behavior. The hypothesis 
underlying this is that individuals can differ one from another in their intrinsic 
preference and subjective evaluation of route choice influencing factors.  
 
These differences in individuals' behavior can be characterized by systematic 
and random heterogeneity. The systematic heterogeneity is identified by some 
observed individual characteristics, whereas, the random heterogeneity stems 
from some unobserved individual factors. 
 
It is therefore important to have a procedure to test the behavior difference 
across individuals. The mixed logit model, which allows for randomly 
distributed evaluation and response to route choice factors, is supposed to be 
able to test both the systematic and the non-systematic variation.  It has also 
been pointed out that any form of the random utility model, e.g. the probit 
model and the nested logit model, can be approximated by a mixed logit model 
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with an error component structure and appropriate specification of the data set 
(McFadden, 1996). 
 
In the present study, multiple user classes are also employed to address the 
systematic variation of individual drivers' preference. The classification of 
different user groups is based on some systematic characteristics of drivers such 
as access to information and route choice pattern. 
 
As the main effort of this study, the following subsections in this chapter are to 
focus on addressing the difference in individual drivers' route choice behavior. 
 
 
4.2  Multiple User Classes  
 
In the study of individual route choice behavior, it is crucial to capture the 
heterogeneity in travelers' preference. Travelers with different characteristics 
such as different trip purpose and different familiarity with the network may 
have different route choice criteria. Besides, in the presence of ATIS 
information, travelers can differ from one another in the ability of processing 
information and the reaction to the information. Drivers can thus be divided into 
different groups based on some observed attributes and each group is supposed 
to have homogenous response to the contributing factors.  
 
Focusing on the impacts of information and incident related factors, a multi-user 
class model is proposed in the present study with representation of 
 
• Route choice by different classes of drivers 
• Drivers' reactions to network conditions of both normal travel situation and 

day-specific disruption 
• The ATIS information itself 
• Drivers' access degree and reactions to information 
 
In accordance with the above considerations, four user classes are identified: 
predetermined route takers, unguided familiar drivers, guided drivers with 
imperfect information, and guided drivers with perfect information. Generally, 
the route choice patterns for these four user classes can be described as being 
deterministic or stochastic. For the predetermined route takes and perfectly 
guided drivers, they just follow the pre-specified route or the route 
recommended by the guidance. Drivers belonging to the other two classes, on 
the other hand, need to make their choices based on perceived travel conditions. 
The model for each user class differs from one another in the model structure 
and utility function definitions. Further variation in individuals' preferences is 
captured by the mixed logit model. 
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Class 1: Predetermined route takers 
 
This class of drivers consists of  those who choose a fixed route which is pre-
specified before their trip. They can be those drivers, possibly interurban 
travelers, who are unfamiliar with the local network and usually choose the 
main road, the signposted road, or the road with the minimum free flow travel 
time (McDonald et al, 1995), or those who have no alternative other than 
following their scheduled routes (e.g. bus drivers), or those who refuse to 
change their routing plans. Their initial route choice and en-route travel is not 
based on the actual travel conditions encountered, and real-time information 
does not trigger any response.  
 
Under both normal travel conditions and incident-induced congestion this class 
of drivers will simply follow their pre-specified travel patterns. Their choice of 
path p for a specific OD pair from origin r to destination s, δ p

rs , can be 
represented as 
 

δ p
rs p 

=




1
0
    if is the planned route
   otherwise

     (4.1) 

 
 
Class 2: Unguided familiar drivers 
 
This class of drivers consists of those who have no access to real-time 
information systems but are familiar with the road network. The only 
information source is past experience and own observation. Their travel 
decisions are made based on perceived costs (disutility), which is a random 
variable.  
 
Under normal travel conditions, this class of drivers is characterized by 
stochastic dynamic user optimal (SDUO) behavior. This means that each 
traveler is on his perceived minimum travel cost and no one in this class, who 
departs at the same time and having the same OD pair, can reduce their costs by 
changing routes. Their route choice condition can be expressed as 
 
P t Pr V t t V t t j Rp

rs
p

rs
p

rs
j

rs
j

rs
2 2 2 2 2( ) ( ) ( ) ( ) ( ) )= + ≤ + ∀ ∈( ε ε  (4.2) 

 
where 
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P tp
rs

2 ( )  is the probability of choosing path p departing from origin r to 
destination s at time t; 
V tp

rs
2 ( )  is the systematic costs of path p departing from origin r to destination s 

at time t; 
ε 2 p

rs t( )  is the random error of the perceived costs of path p departing from 
origin r to destination s at time t; 
R is the feasible route choice set. 
 
When unexpected congestion is encountered, the users of this class need to 
adjust their perceived cost if they detect something unusual is happening by, 
e.g., observing the tail of the queue. They reassess their current choice and 
decide whether they need to switch to an alternative route and which route they 
will actually follow. If they switch, they will choose the route with the lowest 
expected congestion cost based on their experience and perception. The model 
structure is that of a nested logit as shown in Figure 4.1. 
 
The alternatives at the lower level in Figure 4.1 are those feasible paths 
excluding the path that the driver is currently traversing. Note that driver's 
decision may be different when he/she is considering switching from a habitual 
route compared with switching from a route that has already been switched to 
prior to the trip. It is similar with the difference between the first diversion and 
the second diversion en-route. This is incorporated in the model structure as 
well as in the model specification. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.1 No/descriptive information model structure 
 
 
It is arguable that it is not necessary to have a nested decision structure but only 
the choice for alternative routes. The consideration here is that, the switching 
behavior is more demanding, people may be reluctant to change their planned 

Prior route 

Not switch Switch 

Alternative routes 
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route choice pattern. By simply having a model structure of one level one can 
not incorporate the inertia in drivers' route choice behavior.  
 
The switching condition can be expressed as  
 
P t Pr V t t V t tS

rs
S
rs

S
rs

NS
rs

NS
rs

2 2 2 2 2( ) ( ) ( ) ( ) ( ))= + ≤ +( ε ε   (4.3) 
 
where 
 
P tS

rs
2 ( )  is the probability of switching to an alternative route at time t for a 

driver departing from origin r to destination s; 
V tS

rs
2 ( )  is the systematic costs of changing route at time t for a driver departing 

from origin r to destination s; 
ε 2S

rs t( )  is the random error of the perceived costs of switching at time t for a 
driver departing from origin r to destination s; 
V tNS

rs
2 ( )  is the systematic costs of not changing route at time t for a driver 

departing from origin r to destination s; 
ε 2 NS

rs t( )  is the random error of the perceived costs of not switching at time t for 
a driver departing from origin r to destination s. 
 
The route choice condition for en-route tactical adjustment can be expressed in 
the same way as in Eq. (4.3) except that the currently traversing path needs to be 
excluded from the alternatives. The interdependence between the switching 
choice and the route choice is incorporated by the logsum variable obtained 
from the lower level route choice model. 
 
 
Class 3: Imperfectly guided drivers 
 
The drivers of this class consists of those who have access to traffic information 
systems but do not always believe that the information is absolutely accurate or 
do not always comply with the guidance. Different responses of drivers are 
presumed towards different information resources. 
 
After receiving traffic reports from radio broadcast, familiar drivers don't 
respond until they get evidence by their own observation. The estimates of 
traffic conditions on the alternative routes are based on their experience because 
of the usual lack of traffic information reports on arterial streets which are the 
most commonly used alternative route. Unfamiliar drivers have no response and 
behave as predetermined route takers. 
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Advice from VMS and radio is randomly accepted by familiar drivers, with 
higher propensity for a familiar route or the natural continuation of the current 
route; unfamiliar drivers will follow the advice if they understand it, or stay on 
their current route if only information is provided. 
 
Familiar drivers with in-vehicle route guidance system follow the advice unless 
they perceive a better alternative; unfamiliar drivers follow all route guidance 
advice if they understand it.  
 
It might be possible that contradictory information is provided by different 
information sources. In such a case, the previous experience with these 
information systems and the credibility of them are critical in determining the 
compliance rate. In the model estimation part, the compliance to different 
information sources will be examined. 
 
The route choice of this class of drivers is still based on the perceived cost and 
is thus stochastic. Similar to the users of class 2, the behavior of this class of 
drivers can be characterized by SDUO under normal travel conditions. In the 
case that an incident occurs, their choice is based on adjusted perceived cost 
according to information received. Since they have extra information about 
travel conditions from real-time information sources, the stochasticity of their 
perception is less than that of class 2 users. 
 
Different formats of guidance information will trigger different driver responses 
and different choice strategies. The guidance information is categorized into two 
main types: descriptive information and prescriptive information. Descriptive 
information does not provide drivers with advice but only with qualitative or 
quantitative information, e.g. travel times and congestion. Prescriptive 
information advises drivers to make a specific choice.  
 
Separate model structures are constructed to incorporate the response 
differences of drivers to the two types of information. The model structure for 
descriptive information is a two-level nested structure, which is the same as the 
one for no guidance information (see Figure 4.1). The model for prescriptive 
information is of a three-level nested logit as shown in Figure 4.2.  
 
For initial route choice and en-route adjustment the model structures are the 
same but with different explanations. For initial route choice "not switch" and 
"switch" represent the choices of choosing the habitual route and changing to an 
alternative route, whereas for en-route adjustment they correspond to the 
choices of staying on the current path and diverting to an alternative path. The 
alternative routes at the lowest level should exclude the habitual route and the 
advised one for initial route choice, and should exclude the currently traversing 
one and the advised one for en-route diversion. The impact of habitual travel 
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pattern, e.g. attitude toward information, is also taken into account by this 
model structure. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4.2 Prescriptive information model structure 

 
 
The comply condition can be expressed as  
 
P t Pr V t t V t tC

rs
C
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C
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rs
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where  
 
P tC

rs
3 ( )  is the probability of complying to an advice at time t for a driver 

departing from origin r to destination s; 
V tC

rs
3 ( )  is the systematic utility of complying at time t for a driver departing 

from origin r to destination s; 
ε 3C

rs t( )  is the random error of the perceived costs of complying at time t for a 
driver departing from origin r to destination s; 
V tNC

rs
3 ( )  is the systematic utility of not complying route at time t for a driver 

departing from origin r to destination s; 
ε 3NC

rs t( )  is the random error of the perceived costs of not complying at time t 
for a driver departing from origin r to destination s; 
 
The switching condition for drivers of class 3 can be expressed as  
 

Habitual travel pattern 

Comply Not comply 

Alternative routes 

Not switch Switch 
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P t Pr V t t V t tS
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where 
 
P tS

rs
3 ( )  is the probability of switching to an alternative route at time t for a 

driver departing from origin r to destination s; 
V tS

rs
3 ( )  is the systematic utility of changing route at time t for a driver departing 

from origin r to destination s; 
ε 3S

rs t( )  is the random error of the perceived costs of switching at time t for a 
driver departing from origin r to destination s; 
V tNS

rs
3 ( )  is the systematic utility of not changing route at time t for a driver 

departing from origin r to destination s; 
ε 3NS

rs t( )  is the random error of the perceived costs of not switching at time t for 
a driver departing from origin r to destination s; 
 
The route choice condition for drivers of class 3 can be expressed as  
 
P t Pr V t t V t t j Rp

rs
p

rs
p

rs
j

rs
j

rs
3 3 3 3 3( ) ( ) ( ) ( ) ( ) )= + ≤ + ∀ ∈( ε ε   (4.6) 

 
where 
 
P tp

rs
3 ( )  is the probability of choosing path p at time t for a driver departing from 

origin r to destination s; 
V tp

rs
3 ( )  is the systematic utility of path p at time t for a driver departing from 

origin r to destination s; 
ε 3 p

rs t( )  is the random error of the perceived costs of path p at time t for a driver 
departing from origin r to destination s. 
 
Since the perceived cost of class 3 drivers is more accurate than that of class 2 
drivers, the variances of the perception error of class 3 drivers, ε 3p

rs  and ε 3S
rs , are 

less than that of perception error of class 2 drivers,ε 2 p
rs  and ε 2S

rs . That is, 
 

[ ] [ ]Var t Var tp
rs

p
rsε ε3 2( ) ( )≤  

 
and  
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[ ] [ ]Var t Var tS
rs

S
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Class 4: Ideally guided drivers 
 
The users of this class are those who have access to ATIS and believe that the 
guidance information is absolutely accurate and definitely comply with it. Their 
choice is deterministic, which is characterized as dynamic user optimal where 
they only choose the dynamic shortest paths (suppose sophisticated 
ATIS/ATMS can provide with accurate actual travel costs). Their route choice 
condition can be expressed as  
 

δ 4

1
p

rs t
p t

( ) =




  if path  is the shortest path or the suggested path at time 
0  otherwise

        (4.7) 
 
 
4.3  Model Form - the Mixed Logit Model 
 
In the study of individual route choice behavior, it is crucial to capture the 
heterogeneity in drivers' taste. In general, the taste variation across individuals 
stems from the differences in their response to alternative attributes and the 
differences in their preference to various choices. These differences can be 
characterized by systematic and random heterogeneity. The systematic 
heterogeneity is identified by some observed individual characteristics, whereas 
the random heterogeneity stems from some unobserved individual factors. 
 
In stochastic route choice models, which are often formulated as logit models 
(Polidorpoulou et al, 1996; Bonsall and Palmer, 1996; Bonsall et al, 1997; 
Khattak et al, 1993), the random preference heterogeneity can be accounted for 
by including a random noise term in the utility function for each alternative. By 
categorizing drivers into multiple user classes (Bonsall and Palmer, 1996; Ran 
and Boyce, 1997; Zhang and Smith, 1996; Lo et al, 1996) or by using 
interactive variables, the systematic heterogeneity of different driver groups can 
also be captured to some extent.  
 
In the preceding section, travelers are categorized into multiple user classes. 
These user classes differ from one another in route choice strategy, access level 
to information and information processing mechanism. For the user class with 
stochastic choice behavior, the model has been specified as a logit model. The 
models in the standard logit form assume that, within the same class, the 
coefficients for the variables entering the model are the same for all the 
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travelers. It implies that drivers with the same observed characteristics exhibit 
homogeneous response to alternative attributes by assigning the same weight to 
each factor entering the model. This hardly holds in reality for a population with 
a large variety of different tastes.  
 
Besides, the IIA property of the standard logit model restricts its application in 
many settings. Particularly for an urban road traffic network, where it is very 
often that several alternative routes share some common links, the IIA property 
can be violated because of the correlation between the route costs. In this 
context, alternative model forms based on logit model have been proposed, such 
as including a size variable or a commonality factor in the utility functions to 
account for the degree of overlapping of a path with the other paths in the 
choice set (Cascetta et al, 1996; Cascetta et al, 1997; Ben-Akiva and Ramming, 
1998), and using a scaled paired combinatorial logit which scales the utility by a 
corresponding pairwise similarity parameter (Gelieb, 1999), and a generalized 
nested logit model which nests alternative routes (Bekhor and Prashker, 2001). 
These models overcome the undesirable IIA property of logit model by coping 
with the correlation between paths.  
 
Although the IIA property can be partially relaxed by using the model forms 
mentioned previously, the logit model with fixed coefficients is not capable of 
fully accounting for the taste variation as well as the correlation between 
repeated choices over time. The latter one is needed to incorporate when 
modeling driver's learning process or using repeated measurement in model 
estimation.  
 
Accordingly, accurate estimation of route choice behavior requires the 
development of a model which captures differences in intrinsic preferences and 
subjective evaluation of alternative attributes due to both observed and 
unobserved heterogeneity. In this context, the model form of mixed logit 
facilitates the possibility to cope with such aspects. The mixed logit model, 
which is also termed as variable coefficient model (Ben-Akiva and Lerman, 
1985), generalizes the standard logit model by allowing the coefficients of 
observed variables to vary randomly over drivers rather than being fixed.  
 
In the present study the mixed logit model, in addition to the multiple user 
classes, is employed to address the difference in individuals' route choice 
behavior. Despite its complexity in estimation compared with the standard logit 
model, the mixed logit model has been applied in a number of studies such as 
value-of-time analysis, travel mode choice, and econometric demand modeling 
(Algers et al, 1998; Bhat, 1998; Ben-Akiva and Bradly, 1993; Revelt and Train, 
1998; Train, 1998).  
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In a standard logit model, the utility that individual n derives from alternative i 
is decomposed into two parts. One part is the deterministic term, nixb ' , which is 
usually in a linear form and is dependent on the observed data. Another part, 
ε ni , is stochastic and is assumed to be independently identically distributed 
over alternatives and individuals. In mixed logit, an additional term, nη , is 
included which attempts to capture the heteroskedasticity among individuals 
and to allow the correlation over alternatives and time. The utility function for a 
mixed logit model can thus take the form: 
 

nininnini xxbU εη ++= ''        (4.8) 
 
By taking b  as the average taste in the population, and nη  as the individual’s 
taste deviation relative to the average taste, equation (4.8) can be rewritten in 
the same form as for standard logit except that the coefficients, nn b ηβ += , 
vary randomly across individuals, i.e.  
 

ninini xU εβ += '       (4.9) 
 
Conditional on nη , which is also on nβ , the probability for individual n 
choosing alternative i can be expressed in the same form as the standard logit: 
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Here, the coefficient vector nβ  is unobserved for each individual n. Assume 

nβ  to follow, e. g. normal or log-normal distribution with density )( θβ nf , 
the unconditional probability of choosing alternative i for individual n is the 
integral of equation (4.10) with respect to all possible values of nβ , i. e.  
 

nnnnini dfPP βθββ )()(∫=      (4.11) 

 
And the dimension of the integral depends on the number of random variables 
contained in nβ . 
 
The log-likelihood function takes the form as the follows 
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where 
 

)(θL  is the log-likelihood value; 

niδ  has value 1 if individual n chooses alternative i ; 

)(θniP  is  the probability for individual n choosing alternative i . 
 
The unconditional probability of choosing each alternative for an individual is 
the integral of the conditional probability over all possible values of the 
coefficients. Because of the non-closed form of the choice probabilities, the log-
likelihood function for mixed logit model can not be evaluated analytically. One 
way to solve this problem is to apply simulation techniques to approximating 
the choice probabilities. More specifically, for a given value of parameters θ , a 
value of β ni is drawn from its distribution and is used to calculate the choice 
probability in a standard logit fashion. This process is repeated for many draws 
and the average of the resulting probabilities is taken as the approximate choice 
probability. The resulting simulated likelihood function is then used to find the 
optimal parameter values maximizing the likelihood function (by changing the 
value of parameters θ  and calculating new approximate choice probabilities).  
 
In the present study, a program that has been employed in a number of similar 
studies (Train, 1998; Revelt and Train, 1998; Train, 1999; Brown and Train, 
1999) is used to estimate the mixed logit model. This program is developed on 
the GAUSS platform.  
 
The mixed logit specification is supposed to be superior to the standard logit 
based on statistical tests. The estimated parameters are expected to be generally 
larger in magnitude in the mixed logit relative to the standard logit. This is 
because the variance of IID error term in the standard logit is larger than in a 
mixed logit, utility (hence the parameters) are scaled down in the standard logit 
compared to the mixed logit.  
 
 
4.4  Incorporating Repeated Choices Correlation 
 
Discrete choice models are typically estimated on the basis of revealed 
preferences and cross-sectional data where each individual makes a single 
choice. Under such conditions, the disturbance term in the utility function which 
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accounts for the variations in the unobserved contributing factors from one 
individual to another are assumed to be independent over separate observations. 
In contrast to the revealed preference approach, the stated preference approach 
often presents repeated hypothetical choice sets to the respondents and asks 
them to make corresponding multiple choices. In the present study, such stated 
preference data is used in model calibration. 
 
The estimation of a discrete choice model with repeated measurement on each 
respondent gives rise to correlation of disturbances over observations. In 
general, the treatment of repeated choices as being independent overstates the 
information content of the data.  It has been pointed out that, if behavioral 
differences are largely due to unobserved factors, and if unobserved factors are 
correlated with the measured explanatory variables, then estimates of model 
coefficients will be biased if the correlation across observations is not properly 
taken into account (Abdel-Aty et al, 1997). It is also argued that it may be 
reasonable to expect that the estimates of the coefficients using repeated 
measurement data may not be seriously biased and any assertion on the 
accuracy of coefficient estimates must be seriously compromised (Cirillo et al, 
1996). On the other hand, the variance of the parameters usually becomes 
underestimated when the SP technique is applied.  
 
The specification of the mixed logit model outlined in the previous section is 
only suitable for cross-sectional data. With panel data where repeated 
measurement is made on individuals, mixed logit also appears to be superior to 
standard logit because it doesn't suffer the restriction of presuming that the 
repeated choices made by the same respondent are independent. Instead, mixed 
logit can account explicitly for correlation in disturbance over repeated choices 
by each individual due to the common influence of nη . The specification of the 
mixed logit model for panel data can be expressed by entering a subscript t into 
equations (4.7) through (4.10), and the conditional probability of observing each 
sampled individual's sequence of observed choices will be the product of the 
probability of the individual's observed sequence of repeated choices, i.e. 
 

∏=
t

nnitnini PS )()( ββ       (4.13) 

 
Another way of dealing with the repeated measurements is to apply JackKnife 
or Bootstrap to the estimation of standard logit model. These two methods are 
supposed to reduce the bias in the estimated standard errors. It has been found 
that the Jackknife procedure is more suitable for data with small sample size 
(Cirillo et al, 1996). Detailed description of these two methods can be found in 
Shao and Tu (1995).  
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The present study tests both the mixed logit model and the JackKnife procedure 
in coping with the panel effect. The basic operation of Jackknife procedure is to 
re-sample the data by omitting a small fraction of observations. The estimation 
is carried out and is repeated on each time different data set generated by 
Jackknife procedure, and finally the standard errors are computed from the 
repeatedly estimated parameters. The mixed logit incorporates the correlation 
between the repeated choices by assuming the same response to the influencing 
factors of the same individual. This feature is also supported by the Gauss code 
mentioned earlier. 
 
 
4.5  Combining Data from Different Sources 
 
A typical situation of such kind is when both the stated preference (SP) data and 
the revealed preference (RP) data are used in model estimation. Individuals' 
response to some factors exhibited by the SP data may divorce from the real one 
since it is based on hypothetical situations. Usually it is considered that only the 
relative scale estimated in SP model is reliable and the SP model needs to be 
adjusted to the RP data which can provide information on choice elasticity in a 
realistic context. SP data is thus often used in combination of RP data in order 
to obtain reliable model estimation result and to take advantage of the strengths 
of these two types of data.  
 
It is possible to use both SP and RP data in a standard logit estimation procedure 
that requires equal variance across observations. For doing it some modeling 
techniques are required which can for instance weight the two sources of data 
base on a Bayesian procedure or scale the utility function derived from SP 
context to the RP context (Swait and Louviere, 1993; Hensher and Bradley, 
1993). In the present  study, the latter one is used to cope with this problem. 
 
Suppose the utility maximized by each traveler in the SP context is given by 
 
U VSP SP SP= + ε       (4.14) 
 
where   
 
VSP  is the systematic utility component influencing the SP decisions; 
ε SP  is the random utility component influencing the SP decisions. 
 
 
The utility maximized by each traveler in the RP context  is given by 
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U VRP RP RP= + ε       (4.15) 
 
where   
 
VRP  is the systematic utility component influencing the RP decisions; 
ε RP  is the random utility component influencing the RP decisions. 
 
In the standard logit model, the random components of the RP utilities ( ε RP ) 
and the SP utilities ( ε SP ) are assumed to be independently and identically 
Gumbel distributed (IID), and the level of the noise in the data sources is 
represented by the variances of ε RP  and ε SP . µ  is defined as the ratio of the 
standard deviation of ε RP  and ε SP , i.e.  
 

µ
ε
ε

=
var( )
var( )

RP

SP

      (4.16) 

 
and the SP utility can be scaled by µ : 
 
µ µ µεU VSP SP SP= +       (4.17) 
 
By doing so the random variable in SP utility, SPµε , has an equal variance to 
that in the corresponding RP utility.  
 
The scale parameter µ  is unknown and needs to be estimated. It is normally 
expected that the variance of SP data is larger than that of RP data. It is thus 
sensible to expect that µ  should take a value larger than one.  
There are two alternative ways of obtaining the scale factor µ : sequential and 
simultaneous estimation methods. 
 
With sequential estimation, a composite variable is formed by combining  the 
vector of coefficients estimated from SP model for all (common) variables in 
both RP and SP and the vector of values of these variables from RP data. This 
composite variable together with other variables that only belong to the RP set 
are included in the utility function for the RP model. The estimated coefficient 
for the composite variable is the inverse of the scale parameter µ .  
 
With simultaneous estimation, an artificial tree is constructed. In this tree 
structure, RP alternatives are placed direct below the root of the tree, whereas 
the SP alternatives are each placed in a single-alternative nest, and the dummy 
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composite alternatives are placed just below the root of the tree. Since the 
dummy composite alternative contains only one alternative, the utility of it is 
thus the utility of the corresponding SP alternative multiplied by the scale 
parameter µ . The RP and SP alternatives are set to be unavailable to SP and RP 
observations respectively. Since the RP alternatives and the dummy composite 
alternatives are placed at the same level, which are both just below the root of 
the tree, a standard estimation procedure can ensure that µ  is estimated to 
obtain uniform variance at this level. 
 
The previously mentioned two methods are not only for the standard logit 
estimation. With the mixed logit model, similar adjusting procedures are also 
possible. In the study of Revelt and Train (1997), where both SP data and RP 
data are used, some possibly biased parameters from the SP estimates are re-
estimated on the RP data while holding the other parameter values obtained 
with the SP data. Or, alternatively, a model structure which is analogous to the 
nested logit model can be formulated, each nest contains the alternatives for SP 
and RP respectively. To do this, specify a dummy variable for each nest, 
equaling one for alternatives in the nest and zero otherwise. Then allow the 
coefficients of these dummies to be random with normal distributions. The 
random coefficients of these dummies cause utility to be correlated over 
alternatives within each nest but not over alternatives in different nests -- just as 
with nested logit. 
 
Sometimes it is not SP data and RP data that need to be combined but rather just 
data from different sources such as different survey groups and different survey 
design. To account for the possible difference in the variance of these data sets, 
a scaling procedure as described above needs to be applied.  
 
 
4.6  Perceived Travel Time 
 
In general, travelers do not know in advance the actual travel time that they will 
experience during their trip. Their choices are made according to perceived (or 
predicted) travel time. The perceived travel time is a dynamic variable. It is 
formed by the drivers' memory and learning process, and/or the observation of 
current travel conditions, and/or provided by real-time information systems. For 
sophisticated ATIS systems, predicted travel times are provided and are updated 
periodically. The perceived travel time is also random and generally deviates 
from the actual travel time, depending on personal experience and knowledge 
with the traffic network, and the quality of information provided by ATIS 
system.  
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There are two ways to incorporate the variation of perceived travel time across 
individuals. One way is to take into account the difference through random 
noise with respect to the average predicted path travel time in the choice 
probability model. Another way is to use the filters described in section 3.4 of 
Part II to model the perception of each individual user. 
 
In the following, the predicted travel time of guided drivers with reported 
incident delay information is derived. 
 
Let l be the distance of the vehicle to accident, v is the vehicle speed, and ta  is 

the time for this vehicle to get to the accident, i.e. t l
va = , Ta  is the time 

period from the moment when the information is given to the moment when the 
accident is cleared, d0 is the reported delay, then the driver's estimated delay, d, 
can be expressed as 
 

d
d t T

t T
a a

a a

=
<

≥




0

0
 if 

 if       (4.18) 

Assume that Ta  follows exponential distribution, i.e. 
 
P T t ea

t( )< = − −1 λ       (4.19) 
 
E Ta( ) = 1

λ        (4.20) 

 
Then, the expected delay will be 
 
E d Pr(t T )d

d e
a a 0

0
ta

( ) = <
−       = λ       (4.21) 

 
The predicted (expected) travel time will be 
 
t t E dnorexp ( )= +       (4.22) 
 
 



 

 

 
 



 

 

 
 
 
5 Simulation Test on Different Modeling Forms  
 
One purpose of the present study is to get insight into the consequences in 
making traffic assignment of using different model forms such as mixed logit 
and standard logit, and their most suitable circumstances for usage. Using 
simulation as a tool, sensitivity analyses are performed by varying the values of 
relating factors including the magnitude of the coefficient, the variance of the 
coefficient, and the attributes of the routes. Comparison of model estimation 
results between standard logit and mixed logit are also made on the basis of 
simulated data, which are generated, with controlled attribute specifications.  
 
 
5.1  Sensitivity Analysis  
 
In this section, we make a sensitivity analysis of traffic assignment using 
different model forms and parameter values. For the simplicity of explanation, a 
simple network containing only two paths is used for the test, and perceived 
travel time is included as the single variable into the utility function. More 
complicated network and other variables are in principle possible to be 
incorporated by the test.  
 
When generating simulated data, the perceived travel time for each route is 
assumed to follow a log-normal distribution across individuals. The weights 
assigned by drivers to the perceived travel time are assumed to be normally 
distributed with a certain mean and variance. The process of the simulation test 
is illustrated in Figure 5.1. Those used parameters in the test and the default 
values of them are listed in Table 5.1. The non-testing parameters will remain 
constant while other parameters are tested with varying values. 
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Figure 5.1  Simulation test on different route choice behavior models 
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Table 5.1 Parameters and default values in the test 
 

 
Variable 

 
Default value 

Average travel time (path-1) 30 min 
Average travel time (path-2) 50 min 
Mean weight of travel time (mWtTime) -0.1 
Standard deviation of time weight (stdWt) 
(normally distributed) 

 0.1 

Standard deviation of perceived travel time (stdPer) 
(log-normally distributed) 

10 

Scale 1.0 
 
 
First, a standard logit traffic assignment and a mixed logit traffic assignment 
with different levels of coefficient variance is compared, with varying average 
travel time difference between two paths. The result is demonstrated in Figure 
5.2. 
 

 
Figure 5.2 Drivers' route choices with different variances of time weight vs. 

time difference 
 
 
It can been seen that different route choice model forms do give different traffic 
assignment results. The standard logit model assigns more drivers to the path 
with shorter travel time (path-1). As path-2 is getting longer and longer travel 
times than path-1, more and more drivers and eventually all drivers choose path-
1 if the scale factor is large enough. In the mixed logit assignment, with the 
travel time difference increasing, the increasing rate of drivers choosing the 
minimum-time path is milder than that in standard logit, particularly when the 
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variance of the travel time weight is larger. With the parameters set in the 
present test, the difference between the standard logit assignment and the mixed 
logit assignment can reach 40 percent. This implies that, for a population with 
very diversified taste, the response to the change in the contributing factor can 
vary considerably and will thus weaken the effect on average (given that the 
standard logit parameter and the mean of the mixed logit parameter distribution 
is the same). The tested standard deviation values imply in some cases that a 
substantial share of the population has a positive preference for travel time, 
which is not expected. When this is not the case, differences are smaller. For 
other variables than travel time, positive as well as negative parameter values 
may be reasonable. The difference in the assignment result of using different 
models increases within a certain range of travel time difference and then tends 
to remain constant.  
 
It has been mentioned in section 4.2 of Part II that mixed logit is supposed to 
have larger coefficient magnitude because the variance of the IID error term is 
smaller than that in standard logit model. The mean time weight for the mixed 
logit model is thus adjusted to several levels to see the impact. Figure 5.3 gives 
the result. 
 

 
Figure 5.3 Drivers' route choices with different mean of time weight vs. time 

difference 
 
 
The general findings demonstrated in Figure 5.3 are quite intuitive. The higher 
the mean weight attached to travel time is, the larger the difference is in the 
choices due to the travel time difference. Since coefficient magnitude and 
coefficient variance have contradictory impacts, assignment using mixed logit 
with much larger mean value of the coefficient but small coefficient variance 
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may thus not differ very much from the standard logit assignment. Similar to the 
results shown in Figure 5.2, the assignment difference between models with 
different mean value of time weight increases with time difference and then 
tends to remain stable. Also here it can be noted that only when the standard 
deviation results in a substantial share of positive travel time preferences, large 
differences are encountered. 
 
Drivers of different classes are assumed to have different perception errors 
depending on their familiarity of road network and information access level. 
The variation in perception variance will in turn influence, in this study, both 
the distribution of perceived travel time and the distribution of the IID error 
term. To test the impact of the former one, route choices with different values of 
the standard deviation of perceived travel time are simulated with varying travel 
time difference (see Figure 5.4) and standard deviation of time weight (see 
Figure 5.5). To test the impact of the latter one, route choices with different 
utility scale parameters are simulated with varying average travel time 
difference (Figure 5.6), standard deviation in time weight (see Figure 5.7), and 
standard deviation of perceived travel time (see Figure 5.8). 
 
 

 
Figure 5.4 Drivers' route choices with different variance of perceived travel time 

vs. time difference 
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Figure 5.5 Drivers' route choices with different variance of time weight vs. 

variance of perceived travel time 
 
 
 

 
Figure 5.6 Drivers' route choices with different scales vs. time difference 
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Figure 5.7 Drivers' route choices with different scales vs. variance of time 

weight 
 
 

 
Figure 5.8 Drivers' route choices with different scales vs. variance of perceived 

travel time 
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The result in Figure 5.4 shows that the impact of the variation in the perceived 
travel time is similar to the impact of the variation in the time weight, i. e. the 
larger the variance in perceived travel time is, the smaller is the difference in the 
choices between two paths. The difference is that it seems that in the middle 
range of travel time difference the assignment result is more sensitive to the 
model parameter, and afterwards that models with different parameter values 
tend to merge with one another.  
 
When an individual perceives the actual travel time, i. e. the variance of the 
perceived travel time is zero (e.g. the perfectly guided driver class), the 
difference in the outcome of models with different variations in time weight is 
most dramatic. When the randomness in the perceived travel time gets bigger, 
the impact of further random taste variation seems gets smaller.  On the other 
hand, when the taste variation gets bigger, further randomness in perceived 
travel time gets less important. 
 
The value of the scale parameter is inversely proportional to the variance of the 
random term in the utility function. The result demonstrated in Figure 5.6 is 
similar to that in Figure 5.4 except that the range of the difference is smaller. 
Again, the impacts of the randomness in perception and evaluation even off the 
impact of the scale factor. This means that the bigger the variance in time 
weight is, the less is the contribution of scale factor, and vice verse. The 
implication of this result may be that, for a population with very diversified 
taste, further incorporation of randomness in perception will not bring in very 
dramatic change in the output of the model. 
 
Finally, a multiple user class assignment test is carried out for two models 
giving 2500 drivers for each user class. Default parameters listed in Table 5.1 
are used except that different values of standard deviation of perceived travel 
time are attached to different driver classes: 20 for Class 2, 10 for Class 3 and 0 
for Class 4. The result is presented in Table 5.2. 
 
 
Table 5.2 Traffic assignment for multiple user classes using standard logit and 
mixed logit   
 

       
  Class 1 Class 2 Class 3 Class 4 Sum 
Standard logit Path -1 X(*) 1889 2044 2500 6433+X 
 Path -2 2500-X 611 456 0 3567-X 
Mixed logit Path -1 X 1706 1825 2500 6031+X 
 Path -2 2500-X 794 675 0 3969-X 

(*) X depends on the proportion of drivers having path-1 as their planned route. 
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5.2  Estimating Mixed Logit Using Simulated Data 
 
The intention of the work presented in this section is to, investigate the 
performance difference in estimating a model of using standard logit and mixed 
logit, on the basis of simulated data. Simulated data sets are generated using the 
same procedure as in the sensitivity analysis. Still, only perceived travel time 
and the associated time weight are used as contributing factors. It is only when 
we want to test the panel effect that the number of repeated choices is 
introduced as an additional factor in generating the simulated data. Therefore, 
the generated data sets differ one from another in the parameter inputs such as 
the standard deviation of time weight and the number of repeated measurements 
on the simulated individual. In this way, we can control the attribute of the data 
sample used for model estimation, which will in turn enable us to test the model 
performance under different hypothesized circumstances. 
 
More specifically, in the remainder of this section we are going to make the 
following tests:  
 
- the precision of model estimation by checking on whether or not the model 

can reproduce the input parameters used in generating simulated data 
- The robustness of models with the number of random draws in terms of the 

likelihood index and the estimated parameter values 
 
 
There is a debate in the literature on how to draw a parameter value from its 
distribution. It has been found that the simulation variance in the estimation of 
the mixed logit parameters is lower with Halton draws than with purely random 
draws (Train, 1999). However, it seems that Halton draws require larger space 
allocated to the program which causes problem in the present study. Therefore, 
random draws is used to simulate the choice probability. 
 
Five simulated data sets are generated with the standard deviation of time 
weight varying from 0.5 to 0 and a sample size of 10000 observations. Models 
with the same specification are then estimated based on these data sets. The 
sensitivity of the estimation result is checked with respect to the number of 
random draws which, as previously mentioned, needs to be defined when 
simulating the choice probabilities. The sensitivity is measured in terms of the 
evolution of the likelihood value and the precision of the estimates in 
reproducing the input parameters used in the data generation. Figure 5.9 shows 
the difference in the obtained log-likelihood value with varying the number of 
random draws from 10 to 2000 (using the likelihood value with 2000 number of 
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draws as the base), and Figure 5.10 gives the estimated time weight. The same 
result has been presented in Han and Algers (2001). 

Figure 5.9 Difference in log-likelihood value with varying number of random 
draws (compared with number of draws = 2000) 

 
 

 
Figure 5.10 Estimated time weight with varying number of random draws 
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It is exhibited that the likelihood value generally increases as the number of 
random draws gets higher within a certain range and then remains stable. This 
range seems to be shorter if the sample data has rather homogeneous taste. In 
our testing case, the likelihood value doesn't change much after the number of 
random draws approach 500 if the standard deviation of the time weight is 
lower than 0.05. 
 
Within that range, the change in the likelihood value can be dramatic due to 
different settings of the number of random draws, especially when the simulated 
sample contains data with rather diversified preference and when the number of 
random draws is relatively small. It has also been found that the estimation 
procedure can fail for a certain value of number of random draws. For example, 
with the standard deviation of time weight equal to 0.1, we got trouble when we 
set the number of random draws to 1000 due to extremely high value for 
insignificant parameters obtained. But if we then change the number of random 
draws to 2000 the estimation runs successfully. Similar problem is encountered 
when the number of random draws is very large (higher than 2000, for instance) 
if the taste variance is small. 
 
A higher number of random draws doesn't always produce more precise 
estimates either. The result given by Figure 5.10 tells us that, in case the taste 
doesn't vary greatly in the population, we can get back the input parameter value 
from the estimation only when the random draw is repeated for very few times. 
Otherwise, the parameter value derived from the estimation can deviate from 
the real one very largely. On the other hand, it appears that if the taste variation 
across individuals is quite remarkable, then high number of random draws is 
needed in order to get correct estimates. 
 
It is also interesting to see how different the standard logit model and the mixed 
logit model are in dealing with different data sets. The results in Table 5.3 show 
that, when there exists considerable variation in individuals' preference and 
subjective evaluation, the mixed logit model performs much better than the 
standard logit model in terms of both the likelihood value and the estimated 
parameters, indicating the mixed logit model has much greater explanatory 
power than the standard logit model. Whereas when the population is rather 
homogeneous in taste, the difference in using the mixed logit model and the 
standard logit model is only marginal. 
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 Table 5.3 Model estimation result using simulated data 
 
 StdWt=0.5 StdWt=0.1 StdWt=0.05 
Variable Fixed Mixed Fixed Mixed Fixed Mixed 
     
Constant (Path-1)   0.1555 -0.0561 0.1600 -0.0677 0.0653 -0.0369 
 (4.49)* (0.67) (4.31) (1.19) (1.65) (0.75) 
   Std. deviation        0.2459  0.5713  0.5757 
  (0.11)  (0.34)  (0.38) 
Time                      -0.0063 -0.1157 -0.0436 -0.0994 -0.0715 -0.0996 
 (4.45) (1.62) (26.34) (2.79) (35.10) (3.09) 
    Std. deviation  0.5405  0.0927  0.0477 
  (1.54)  (2.57)  (2.45) 
       
Observations 10000 10000 10000 10000 10000 10000 
D.O.F. 2 4 2 4 2 4 
Final log(L) -6824.21 -6806.26 -5567.2 -5519.78 -4589.62 -4574.90 
* The figure in the bracket is the t-value 
 
 
Table 5.3 Model estimation result using simulated data (continued) 
 
 StdWt=0.01 StdWt=0 
Variable Fixed Mixed Fixed Mixed 
     
Constant (Path-1)   -0.0688 -0.0673 -0.0926 -0.0916 
 (1.66) (1.61) (2.22) (2.19) 
   Std. deviation          0.2023  0.1704 
  (2.22)  (1.86) 
Time                      -0.0982 -0.0990 -0.1004 -0.1010 
 (37.94) (36.59) (38.00) (36.97) 
    Std. deviation  0.0041  0.0038 
  (0.76)  (0.69) 
     
Observations 10000 10000 10000 10000 
D.O.F. 2 4 2 4 
Final log (L) -3863.48 -3861.02 -3828.53 -3826.74 
 
 
 



 

 

 
 
 
6 Experimental Study and Data Collection  
 
Data collection has been a critical part in verifying route choice models. 
Because of the complexity of human behavior and the dynamic nature of route 
choice, it is a difficult task to collect data which covers all the aspects involved. 
Great effort has been directed towards data collection by a large number of 
studies, most of which were specifically designed for justifying different 
hypotheses or identifying the impact of particular control measure and strategy. 
In section 6.1 of Part II, a brief overview on data collection method and related 
studies are presented. The design and some statistical results of the data survey 
for the present work is given in Section 6.2 of Part II.  
 
 
6.1  Data Collection Method 
 
Stated preference 
Stated preference approach is useful for exploratory studies of behavior 
responses to different hypothesized situations. This approach has been 
employed in a number of experimental studies on route choice that were 
conducted either in a laboratory (Iida et al, 1994) or using a mail-back survey 
(Abdel-Aty et al, 1997; Asad et al, 1993; Khattak et al, 1993, 1996; 
Polodoropoulou et al, 1996). To allow levels of attributes varying more 
explicitly, the study of Asad used the usual and the best routes as options 
instead of two hypothetical routes. 
 
Revealed preference 
More definitive results can be achieved by revealed preference data. One thing 
needs to be kept in mind when collecting this type of data is the location where 
to distribute the questionnaire. Drivers may have overreaction if they know that 
their behavior will be observed and analyzed. In the survey of Uchida et al 
(1994), individual drivers were stopped at the signals downstream of travel time 
message boards in order to avoid the bias of increasing driver concern to the 
information. 
 
In order to investigate the habitual formation and the strategic choice variation 
panel survey needs to be conducted. Uchida et al (1994) used the rotating panel 
method to capture attrition biases.  
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Khattak et al (1993, 1996) and Polodoropoulou et al (1996) used both stated 
preference and revealed preference techniques in the data collection. In Khattak 
et al (1993) drivers from randomly selected garages were given mail-back 
surveys during the morning peak period. The survey gathered information on 
driver characteristics, travel and trip characteristics, delay and diversion 
experience, ratings of routes (ratings of usual and alternative route if diverted, 
ratings of usual and best alternative route if not diverted) and stated preference 
about diversion. In Khattak et al (1996) and Polodoropoulou et al (1996), 
selected respondents were asked to recall an unexpected congestion 
experienced, their expected delay, and their eventual decision. Stated preference 
scenarios were presented in connection with the reported experience, giving 
different type of information including qualitative, quantitative, predictive and 
prescriptive information. 
 
Simulator 
Limited real-world implementation of ATIS technologies has made it difficult 
to directly observe travelers' response to real-time information and evaluate 
changes in driver behavior. Stated preference techniques becomes less reliable 
when trying to capture the dynamics of travel choice and processes activated in 
real time. In light of these problems, simulator is gaining wide acceptance as a 
data collection technique. 
 
Generally, there are two types of simulators, Route-choice simulator and driving 
simulator. Route-choice simulator, e.g. VLADIMIR (Bonsall and Palmer, 
1996), provides a computer-based network through which the respondents make 
a series of journeys, selecting their preferred exit-arm from each intersection 
they come to. Driving simulator differs from route-choice simulator in 
providing a more complete representation of the driving task. The participant is 
seated in a real or mock-up driving cab with a full range of driving controls and 
a dynamic widescreen display of roadscene projected onto a screen beyond the 
windscreen.  
 
Several simulators have been developed to study the dynamics of driver 
behavior and provision of real-time information. IGOR (Bonsall, 1992) was 
created for assessing drivers' compliance with route guidance advice. 
VLADIMIR (Bonsall and Palmer, 1996) investigated the role of VMS on route 
choice decisions. DYNASMART investigated day-to-day adjustment. 
FASTCAR (Adler and McNally, 1994) effort tested the conflict theory and 
studied active information acquisition in real-time environment, which emulates 
three major types of ATIS technologies: VMS, HAR, and IVNS.  
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6.2  Data Survey Design in the Present Study 
 
The data collection was conducted in association with the Swedish Transport 
Research Institute (TFK). The objective of the survey was to investigate 
travelers' choices including departure time choice, mode choice and route 
choice, as well as the underlying decision mechanism. The questions related to 
route choice were formulated in cooperation with TFK. Of particular interest in 
the survey was the impact imposed by incident and information-related factors 
on these choices. Both Stated Preference and Revealed Preference data were 
collected. Appendix II and III provide the questionnaires used for the SP survey 
and the RP survey respectively. 
 
 
6.21  SP Survey 
 
The entire SP survey procedure consisted of focus group discussion, pilot 
survey and the main survey. The variables included in the model are from those 
mentioned in the focus group discussion. For more detailed information of the 
SP survey one can refer to Olsson (1999). Two survey target groups were 
included in the main survey. One group of respondents were selected from those 
who worked at Karolinska Hospital and resided in Tärby commune. This group 
had 120 respondents. Another group, which consisted of 285 respondents, 
contained drivers whose car plate number were registered while passing 
Stocksundsbron, Lahälls intersection and Danderyds church's intersection in the 
morning of the 6th, 7th, and 8th in May, 1999. So, the first group only concerns 
commuting trip, whereas another group covers other trip purposes and more 
widely spread trip lengths. The map of the study area is presented in Figure 6.1.  
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Figure 6.1 Map of the survey area 
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The SP questionnaire were distributed to respondents using mail-back survey. 
The questionnaire was divided into three sections: Background questions, SP 
game (attitude) questions and Scenario questions.  
 
Background questions were designed to provide some general information on 
respondents such as socio-economic status (e.g. age, gender and income), and 
normal travel pattern (e.g. regularity of driving car, habitual route). Normal 
travel time for alternative routes in both light traffic and heavy traffic was also 
included in the background questions. 
 
The SP game contained four sets of pairwise choices with varying levels of 
reported delay and information reliability. The choice experiments were 
designed to provide plausible attributes, orthogonal over experiments, and with 
no experiment containing a dominant alternative.  
 
A monetary factor was not included in the SP game as it was found not being 
significant in the pilot study. In order to detect the behavioral differences in 
travelers' en-route adjustment and pre-trip choices, two hypothetical situations 
were presented to respondents: one being that they have already got into their 
car, and the other one being that they are still at home and planned to leave in a 
few minutes. Individuals were allowed to choose from four alternatives: regular 
route, alternate route, others, and don't know. The alternative of "others" 
includes choices of going back home, changing mode etc. 
 
Three scenarios were presented to respondents, each corresponding to a traffic 
report about an incident with different causes and levels of severity. 
Respondents were asked to give their estimated delay, their confidence in the 
delay estimation, and their choices. Individuals' choices were categorized into 
three alternatives: regular route, alternate route, and others.  
 
Table 6.1 presents the statistics over all qualified data obtained from the survey. 
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Table 6.1. Statistics (averages) of empirical data from SP survey 
 
Data Statistics 
  
Man  53.5% 
Age 45 
Willing to avoid congestion by traveling longer time 65.5% 
Often driving car 76.8% 
Very flexible working time 15.3% 
Normal travel time under light traffic (mean)  
    Regular route 20 min 
    Alternate route 35 min 
Normal travel time under heavy traffic (mean)  
    Regular route 52 min 
    Alternate route 66 min 
Delay (given in SP game)  
    Regular route 31 min 
    Alternate route 40 min 
Estimated delay on the intended route (Scenario) 34 min 
Don't know delay 11.4% 
Very unconfident in estimated delay 4.9% 
SP choices  
  Regular route 54.4% 
  Alternate route 28.6% 
  Others  12.5% 
  Don't know 4.5% 
Scenario choices  
  Regular route 35.3% 
  Alternate route 44.1% 
  Others  20.6% 
 
 
The data set used in model estimation later only includes those having choices 
of the two alternative routes: regular route and alternate route. This is due to that 
fact that some very strange estimates are encountered if we include data with 
other choices. Some disturbances may exist in the other wise included part of 
data. The statistics of the data set used for the final model estimation, which is 
the one used in making forecast, is presented in Table 6.2. 
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Table 6.2 Statistics (averages) of empirical data used in model estimation 
(working trip, en-route) 
 
Data Statistics 
  
Man  54.6% 
Age 45 
Willing to avoid congestion by traveling longer time 69.1% 
Very often driving car 80.6% 
Very flexible working time 16.1% 
Normal travel time under light traffic (mean)  
    Regular route 20 min 
    Alternate route 35 min 
Normal travel time under heavy traffic (mean)  
    Regular route 53 min 
    Alternate route 66 min 
Delay (given in SP game)  
    Regular route 31 min 
    Alternate route 40 min 
Estimated delay on the intended route (Scenario) 35 min 
Don't know delay 9.2% 
Very unconfident in estimated delay 4.4% 
Choices  
  Regular route 57.3% 
  Alternate route 42.7% 
 
 
6.22  RP Survey 
 
A RP survey was also conducted with an attempt to get data relating to real 
experience of a traffic incident situation. The RP questions were delivered to 
respondents via internet. In order to prevent respondents from getting too tired 
of filling long questionnaire, respondents received questionnaire formulated in a 
short form twice instead of only once. The selected respondents first received 
background questions which was formulated in a similar way as in the SP 
survey. Then, when a relevant incident happened the respondents received 
another questionnaire which contained incident-related questions concerning the 
real situations they had encountered during the specified incident and their real 
choices.  
 
The RP questions were designed in a way to get distinguished information on 
the choice made when the individuals became aware of the unusual situation for 
the first time and the final choice the respondents made. The circumstances 
under which the first decision was made were also included in the questions 
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such as estimated delay and possible time saving by choosing an alternative 
route. It is initially planned to use the first choice related data in the model 
estimation. Unfortunately, there was an error in the questions sent to the 
respondents concerning the first choices where the alternative of the alternate 
route was not included in the choice set. Besides, the obtained qualified data is 
too little to facilitate any study based on it. Around 40 individuals gave their 
estimated delay out of those observations with the data of the final choice. 
 
However, it is still possible to use the RP data to get the distribution of the 
dependent variables, i.e., the figure of alternative choices in the population.  
Table 6.3 gives the result.  It should be cautioned that one needs to be careful 
when using this statistics due to the small size of the statistics base. 
 
 
Table 6.3 Statistics of RP data (choice data only) 
 

 Number Case 1 Case 2 
Choice of the planned route 58 74.4% 80.6% 
Switch to alternate route 14 17.9% 19.4% 
Others (e.g. later departure, 
collective traffic) 

6 7.7%  

Sum  78 100% 100% 
 
 
Case 1 and Case 2 mentioned in Table 6.3 correspond to the following two 
situations: 
 
Case 1: considering other choices other than two alternative routes 
Case 2: considering only two choices between planned route and the alternate 
route 
 
 



 

 

 
 
 
7 Model Estimation and Discussion 
 
The model estimation results presented in this chapter are based on the 
empirical data described in Chapter 6 of Part II. Since all drivers are supposed 
to have access to radio information, their route choice patterns are the same as 
the one for imperfectly guided user class as mentioned in Chapter 4 of Part II. In 
addition, the model structure collapses to one level without distinguishing 
switching from route choice since there are only two routes in the choice set. 
The mixed logit model is used in comparison with the standard logit model to 
analyze drivers' route choice behavior. 
 
 
7.1  Model Specification 
 
Based on the information collected by the data survey, the following 
explanatory variables are possible to include in the model. When presenting the 
modeling results in the remaining part of this chapter, variables with name E18 
are for the regular route and E4 for the alternate route. 
 
Constant  
The alternative specific constant is included in the utility function for the 
regular route. This constant measures the pure alternative effect, that is, the 
attributes of the alternative relative to the one without a constant term that are 
not measured in all other variables. To some extent, this term is expected to 
capture the inertia in an individuals' route choice, i.e. drivers are more inclined 
to stay on their habitual route. 
 
Delay in minutes 
The incident induced delay is the extra time the trip will take as compared to the 
expected arrival time. The expected arrival time is estimated based on the travel 
time under normal travel conditions for the regular route. By this definition, 
delay can be caused by staying on the regular route or by switching to the 
alternate route. The delay information is obtained from the data survey via 
either the value that is specified in the traffic report as in the SP game or the one 
that is estimated by the travelers themselves based on different incident 
scenarios. For scenarios, the delay for the alternate route is the time difference 
between driving on the alternate route and driving on the regular route under 
heavy traffic. 
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Don't know delay 
This dummy variable has the value one if the respondents answered that they 
don't know how long the delay could be due to the incident reported in the 
traffic message. This variable applies to the scenario data only. 
 
Very confident in the estimated delay 
In the distributed questionnaire, the respondents are asked to give the 
confidence level of their estimated delay in the scenario case. This level can be 
very confident, rather confident, between confident and not confident, rather 
unconfident, and very unconfident. This dummy variable has the value one if 
the respondent is very confident in their delay estimates. 
 
Information very reliable 
This dummy variable is aimed to reflect the impact of the information 
reliability, which is of great interest to the present study. In the questionnaire the 
respondents are asked to scale their view of information reliability at four 
levels: not reliable at all, between reliable and unreliable, rather reliable and 
very reliable. This dummy variable gets the value one if the respondent thinks 
that the traffic report is very reliable. 
 
Travel time under light/heavy traffic in minutes 
Respondents are asked to give their expected travel time for both free flow 
(light traffic) and congested flow (heavy traffic). These estimates are used to 
calculate the delay for the alternate route for the scenario data. It might also be 
that travel times as such influence the switching behavior (in addition to their 
initial route choice, on which the switching behavior is conditioned). Travel 
times vary depending on the traffic situation.  
 
Very often driving car 
To capture the possible effect of familiarity, a question is formulated asking 
about how often the respondent drives a car. It is presumed that the more often 
an individual drives, the more familiar he/she is with road network and travel 
conditions. The regularity of driving car is scaled as: very often, often, 
sometimes, seldom and never. This dummy variable takes value one if the 
respondent drives car very often (at least twice per week). 
 
Very flexible working time 
This variable is supposed to represent the time pressure of individual drivers. It 
gives value one if the driver has very flexible working time. 
 
Avoid congestion 
This is a dummy variable, which takes the value one if a person is willing to 
take a longer route in order to avoid stacking in a queue. This variable measures 
driver's attitudes towards congestion. 
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Man 
This is a dummy variable, which is aimed to capture the gender effect.  
 
Route distance 
Monetary cost is often deemed proportional to travel distance. It is thus assumed 
that route with a longer distance is less likely to be chosen by drivers. 
 
Distance to incident 
The distance to the place of an incident can have two contradictory impacts. 
When people feel they are still far away from the incident, they may choose to 
proceed on the current route and wait to see what's going to happen. On the 
other hand, as the drivers are approaching the incident, they will have fewer 
opportunities to switch. 
 
 
7.2  Models with Multiple Data Sources 
 
As mentioned in chapter 6 of Part I, both the SP game data and the Scenario 
data used for model estimation are from two survey groups. Since the sample 
size is too small if we use separate data set to estimate the models, the SP data 
and the Scenario data of these two survey groups are thus merged to form a 
pooled data set in order to enlarge the sample size. 
 
It is possible that data sets from different groups and different survey designs 
don't have the same variance in the stochastic part of the utility functions. To 
incorporate that we need to specify a mixed logit model in a form that is 
analogous to the nested logit as mentioned previously. This can be obtained by 
including nest dummy variables for each nest in the model which takes value 
one if this alternative is in the nest and zero otherwise.  
 
An alternative solution is to formulate standard logit models with separate scale 
parameters for different data sets which accounts for the variance of the data 
and compared with the models with no scale factor. The estimated scale factor 
will be then later used in modifying the data set used for the mixed logit 
estimation.  
 
The testing results are presented in Table 7.1. In the presented models, we use 
the data set of SP game for the Karolinska sample as the base for the 
comparison. We introduce three scale factors for three other data sets: the SP 
game data for the Registered group (Scale1), the Scenario data for the 
Karolinska sample (Scale2), and the Scenario data for the Registered group 
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(Scale3). Two t-values are calculated which correspond to the statistical 
significance from zero and from one respectively.  
 
 
Table 7.1 Test on the scale factor of multiple data sources 
 
 Model 1 Model 2 Model 3 
 Coeff. t-value Coeff. t-value Coeff. t-value 

Constant E18 2.1086 7.73 1.8464 6.21 1.9663 7.46 
Delay E18 (min) -0.0684 11.14 -0.0581 6.74 -0.0625 9.66 
Delay E4 (min) -0.0248 4.67 -0.0217 4.20 -0.0235 4.62 
Inf. very reliable E18 0.4223 1.89 0.3921 2.10 0.4129 2.12 
Don't know delay E18 -2.3791 6.18 -2.0458 5.09 -2.1766 5.57 
Very confident in estimated delay 
E18 

0.8717 2.17 0.8632 2.21 0.8014 2.04 

Man E18 -0.4686 3.04 -0.4463 3.31 -0.4721 3.38 
Very often driving car E18 0.1355 0.73 0.1063 0.67 0.0896 0.52 
Avoid congestion E18 -0.5877 3.55 -0.5459 3.68 -0.5639 3.72 
Inf. very reliable*delay E4 -0.0205 3.86 -0.0174 3.65 -0.0182 3.79 
Man*delay -0.0131 1.98 -0.0085 1.38 -0.0085 1.32 
Scale1 1.3662 6.03 1.2880 7.73 
  t-value  1.62 1.72 
Scale2 1.4044 4.01 1 (*) 
  t-value 1.16  
Scale3 1.03 5.12 1 (*) 
  t-value 0.15  
  
Number of observations 1157 1157 1157 
D.O.F. 11 14 12 
Log likelihood value -555.953 -553.149 -554.029 

 
 
The results turn out to be that three scale parameters are all not significantly 
different from one, indicating that the variances of the other three data sets are 
similar to the one for SP game Karolinska sample. Nevertheless, the variances 
for two SP game groups approach to be significantly different. To make a 
further test, Model 3 in Table 7.1 restricts the two non-significant scale factors 
to the value one. No big drop of the log likelihood value is obtained by doing so 
in comparison with Model 2, but the gain in the log likelihood value in 
comparison with Model 1 appears to be statistically significant. However, the 
parameter values are only marginally affected. 
 
To capture the possible difference in the variance of different data sets, in some 
model specifications presented later in this chapter, a dummy variable indicating 
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the data sample associated with each individual is included. Except for this extra 
constant, the data sets are treated as equal in this respect. 
 
 
7.3  Incorporating Repeated Choice Correlation 
 
With SP game questions as well as Scenarios questions, a respondent needs to 
make several repeated choices. As discussed in section 5.3 of Part II, repeated 
choices of the same individual can lead to correlation across observations in the 
preferences of both observed and unobserved factors. One advantage of mixed 
logit is in incorporating the correlation between repeated choices. The procedure 
of estimating mixed logit model used in the present study takes into account the 
correlation between repeated choices by assigning the same parameter value for 
all choices related to a specific individual within a panel. 
 
In the data survey, the same individual makes repeated choices in both the SP 
game and the Scenario questions. There can thus be three different ways in 
handling the data: the fully cross-sectional one, semi-panel, and full panel. In 
the fully cross-sectional case, the choices made by the same individual are 
treated as being independent for both SP game and Scenarios. In the semi-panel 
case, the repeated choices are treated as being independent between the SP 
game and the Scenario but not within. This means that the SP game data and the 
Scenario data are taken as two separate panels independently but not as a whole. 
On the other hand, the case of a full panel regards the repeated choices as being 
correlated over both SP game and Scenario observations.  
 
Models using data set of these three forms are presented in Table 7.2. In order to 
compare parameter values for different models the same distribution form is 
used, which is the normal distribution in our case. 
 
In the process of estimating the cross-sectional model, it was noticed that the 
statistically insignificant parameters, e.g. the parameter for information very 
reliable, got a much higher value with the number of random draws increasing. 
At the end, when the number of random draws reached 30 the estimation failed 
because of singular Hessian. The cross-sectional estimation presented in Table 
7.2 is based on random draws equal to 20. The other two models use the number 
of random draws equal to 1000. 
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Table 7.2 Comparison of models based on data in different forms 
 
       Cross-sectional Semi-panel Full-panel 
 Coeff. t-value Coeff. t-value Coeff. t-value 
Constant E18        
      - Mean 2.5124 4.83 4.4890 5.21 3.6184 5.81 
      - Std. Dev. 0.0410 0.05 0.0199 0.01 0.3615 0.28 
Constant (SP game 
Karolinska) E18  

      

      - Mean -0.3650 1.06 -0.6118 1.16 -0.6911 1.65 
      - Std. Dev. 0.8253 0.47 0.9514 0.91 0.5924 0.62 
Delay E18 (min)       
      - Mean -0.0791 5.50 -0.1385 6.85 -0.1147 8.40 
      - Std. Dev. 0.0156 0.92 0.0282 1.66 0.0250 2.12 
Delay E4 (min)        
      - Mean -0.0331 3.46 -0.0431 3.36 -0.0452 4.56 
      - Std. Dev. 0.0135 1.58 0.0261 1.52 0.0255 2.36 
Inf. very reliable E18       
      - Mean 0.5572 1.88 0.9751 1.91 0.5709 1.44 
      - Std. Dev. 0.0097 0.01 1.4382 1.19 0.1352 0.04 
Don't know delay E18       
      - Mean -2.8472 4.07 -4.6163 4.93 -3.8397 5.24 
      - Std. Dev. 0.8689 0.80 1.8598 0.96 1.3322 0.85 
Very confident in estimated 
delay E18 

      

      - Mean 1.0642 2.02 1.2730 1.44 1.3396 1.52 
      - Std. Dev. 0.5886 1.16 1.7410 0.66 2.1756 1.22 
Man  E18       
      - Mean -0.5480 2.17 -0.7199 1.75 -0.7578 2.06 
      - Std. Dev. 0.5244 1.02 1.2026 1.31 0.1366 0.05 
Very often driving car E18        
      - Mean 0.1110 0.49 0.4664 1.10 0.2428 0.62 
      - Std. Dev. 0.0816 0.17 1.8923 4.11 1.4668 3.52 
Avoid congestion E18       
      - Mean -0.7610 3.33 -1.4106 3.11 -1.0506 2.69 
      - Std. Dev. 0.3399 0.21 0.3057 0.16 0.2358 0.13 
Inf. very reliable*delay E4       
      - Mean -0.0236 2.36 -0.0740 1.90 -0.0433 2.24 
      - Std. Dev. 0.0028 0.22 0.0896 1.58 0.0408 1.17 
Man*delay       
      - Mean -0.0317 1.53 -0.0324 1.67 -0.0129 1.13 
      - Std. Dev. 0.0404 1.51 0.0378 1.27 0.0230 1.05 
       
Number of draws 20 1000 1000 
Number of individuals 1157 401 220 
Number of observations 1157 1157 1157 
D. O. F. 24 24 24 
Log likelihood  -548.582 -520.656 -518.172 
 
 
No dramatic difference in the estimated parameter values (the significant ones) 
has been detected by using three different forms of data set. This may be 
attributed to the fact that relatively few choice pairs were formulated in the 
survey. However, we do get better fit of the data measured by the log likelihood 
value by taking into account of the repeated choice correlation. 
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In general, the panel effect is that the unobserved stochastic part of the utility 
function is correlated within individuals' choices. This correlation may be due 
to, in the standard logit model specification, both the unobserved variance in the 
systematic part and the unobserved variables. By allowing a distribution for the 
parameters related to the measured explanatory variables and by using the same 
parameter values for all choices related to a specific individual, just as what we 
have done so far in this section, we can cope with the correlation due to the 
variance in the observed part. The correlation due to the unobserved part can be 
accounted for by, to some extent, allowing the variation for the alternative 
specific constant parameters. In case that no alternative specific constants are 
included, then some panel effect will not be captured and the standard errors can 
be underestimated. 
 
As having been mentioned in section 4.3 of Part II, the JackKnife procedure can 
be used to cope with the problem of underestimation of standard errors. It would 
be interesting to compare the JackKnife and the Mixed logit in reducing the bias 
in the estimates due to correlation between repeated measurement.  
 
To do that, we need to use these two methods to estimate models with the same 
specifications. Therefore, we allow the alternative specific constant to be varied 
and correlated over observations in the mixed logit model while keeping the 
coefficients for all observed variables being fixed.  
 
The basic operation of the Jackknife procedure is to re-sample the data by 
omitting a small fraction of observations. The estimation is carried out and is 
repeated on each time different data sets generated by the Jackknife procedure. 
The respondents in our data sample face 4 choice sets in the SP game and 3 
choice sets in the Scenario questions. In order to be able to treat the data as 
being independent, individuals rather than single observations are taken away 
from the data set in the Jackknife running. 
 
With the mixed logit estimation, the assumption of repeated choices made by 
the same respondent being independent does not have to be fulfilled. Therefore, 
the whole data set can be used for model estimation without the need of 
omitting any observations. (In the Jackknife procedure we took away one 
individual each time (each time different) from the sample.) Table 7.3 gives the 
estimation result for the fixed logit, the mixed logit and the JackKnife 
procedure. Note that the model specification presented in this table is different 
from the other models (using an earlier specification). This shouldn't have any 
principal impact on the comparison of the different methods.  
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Table 7.3 Comparison of the JackKnife procedure and the mixed logit model 
 
 Standard Jackknife Mixed logit 
 Coeff. Std. Err Coeff. Std. Err   Coeff. Std. Err 
Constant  E18       
     - Mean  0.6730 0.2256 0.6730 0.2692 0.8925 0.3599 
     - Std. Dev.     1.3517 0.1856 
Delay (min) -0.0481 0.0036 -0.0481 0.0045 -0.0660 0.0056 
Inf. very reliable E18 -0.5116 0.2458 -0.5116 0.2308 -0.7316 0.2873 
Don't know delay E18 -0.6344 0.1560 -0.6344 0.2265 -0.9865 0.1769 
Very confident in estimated delay E18 2.3529 0.6064 2.3531 0.7359 3.3048 0.7349 
Travel time under heavy traffic (min) -0.0129 0.0038 -0.0130 0.0060 -0.0169 0.0048 
Man E18 -0.3835 0.1465 -0.3835 0.1789 -0.4314 0.2242 
Very often driving car E18 0.2600 0.1829 0.2600 0.2104 0.3346 0.2899 
Avoid congestion E18 -0.6048 0.1628 -0.6048 0.1954 -0.8149 0.2550 
       
Number of individuals 1157 401 401 
Number of observations 1157 1157 1157 
 
 
By allowing the parameter for alternative constant to be varied over individuals 
and be correlated over choices related to a specific individual, we get generally 
higher estimates of the standard errors in comparison with the cross-sectional 
standard logit. The same result is obtained with the JackKnife procedure, where 
in our study case the effect of the mixed logit model is milder. It is indicated 
that the panel effect in the data sample used is rather mild, no change in the 
significance of the standard error. 
 
Another observation is that the parameter estimates are larger in the mixed logit 
case. In general, the mixed parameters are about 1.35 times the value of the 
standard logit parameters. A reason for this is that the panel effect is 
accommodated in the mixed logit model as an improved specification, which 
decreases the variance of the stochastic part of the utility function, thereby 
increasing the scale parameter and consequently the values of the estimated 
parameters. Interestingly, this effect appears to outweigh the increase in the 
standard errors for most of the parameters, when t-values are computed. The 
mixed logit model not only provides a better estimate of the standard error, it 
also does so as a consequence of an improved specification, thereby reducing 
the standard errors. There is no guarantee that the effect will be higher t-values. 
 
It should be mentioned that the standard errors obtained from the JackKnife 
method differ from the ones obtained from the panel mixed logit model 
estimation computationally as well as conceptually. The standard errors from 
the panel mixed logit estimation are based on formulas for asymptotic 
distributions, while the standard errors from the JackKnife are based on a finite 
sample distribution. Therefore, the sample size can influence the type of 
comparison made here. Larger data samples are in principal  needed for the 
mixed logit model. 
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7.4  Test on Robustness of the Model  
 
In section 4.2 of Part II we have discussed that exact maximum likelihood 
estimation is not possible for mixed logit since the choice probability does not 
have a closed functional form and the integral can not be calculated analytically. 
Simulation is thus used in this study to approximate the choice probability by 
taking the average of a summation over a predefined number of randomly 
chosen values of the parameters. The simulated probability is an unbiased 
estimate of the true probability whose variance decreases as the number of 
random draws increases.  
 
In principle, larger number of random draws is more desirable for getting 
reliable estimates. However, the testing on the simulated data has demonstrated 
that the outcome depends on the data set used. Larger number of random draws 
may not always bring better estimates, where the estimates will become stable 
when the number of random draws reaches a certain level. Besides, much more 
computing time is needed as the number of random draws increases, especially 
when the number of estimated parameters and sample size is large. 
 
In the remainder of this section, we are going to test the robustness of the 
estimates with the number of random draws. The test is made on the semi-panel 
data that has been mentioned before. We still use the normal distribution and 
make random draws from that. The number of random draws varies from 10 to 
2000. Table 7.4 gives the result.  
 
It seems that the models are rather robust with the number of random draws 
once it reaches 500. Parameters with lower standard errors are more stable than 
parameters with igh standard errors. We thereafter choose 1000 random draws 
for further tests on mixed logit models.  
 



Part II Route Choice 

210  

Table 7.4 Robustness of mixed logit model with number of random draws 
 
Nr. of random draws 10 100 500 1000 2000 2000 
 Coeff. Coeff. Coeff. Coeff. Coeff. t-value 
Constant E18        
      - Mean 3.2691 3.5315 3.6274 3.7097 3.6944 6.04 
      - Std. Dev.       
Constant (SP game 
Karolinska) E18  

      

      - Mean -0.6180 -0.6618 -0.6812 -0.6962 -0.6972 1.72 
      - Std. Dev.       
Delay E18 (min)       
      - Mean -0.1020 -0.1107 -0.1132 -0.1162 -0.1163 8.67 
      - Std. Dev. 0.0177 0.0199 0.0188 0.0223 0.0217 1.71 
Delay E4 (min)        
      - Mean -0.0364 -0.0374 -0.0406 -0.0402 -0.0416 -3.83 
      - Std. Dev. 0.0117 0.0191 0.0224 0.0230 0.0242 2.36 
Inf. very reliable E18       
      - Mean 0.5743 0.7506 0.6872 0.7526 0.7139 1.81 
      - Std. Dev. 0.7327 0.9188 0.5049 1.0111 1.0002 0.95 
Don't know delay E18       
      - Mean -3.8854 -3.8335 -3.9016 -4.0034 -3.9107 5.27 
      - Std. Dev. 1.4417 1.8088 1.6184 1.7146 1.5818 0.88 
Very confident in estimated 
delay E18 

      

      - Mean 0.9791 1.1089 1.0520 1.0262 1.0416 1.70 
      - Std. Dev.       
Man  E18       
      - Mean -0.6449 -0.5227 -0.6309 -0.6067 -0.6267 1.84 
      - Std. Dev. 0.7843 1.4787 0.8015 1.0293 0.9133 1.26 
Very often driving car E18        
      - Mean 0.3797 0.3497 0.3363 0.3528 0.3512 1.02 
      - Std. Dev. 1.4306 1.3973 1.6236 1.5851 1.5976 4.73 
Avoid congestion E18       
      - Mean -0.8964 -1.0963 -1.1071 -1.1218 -1.1174 3.25 
      - Std. Dev.       
Inf. very reliable*delay E4       
      - Mean -0.0328 -0.0358 -0.0355 -0.0381 -0.0380 4.03 
      - Std. Dev.       
Man*delay       
      - Mean -0.0246 -0.0390 -0.0310 -0.0319 -0.0278 1.78 
      - Std. Dev. 0.0257 0.0390 0.0388 0.0372 0.0307 1.08 
       
Number of individuals 401 401 401 401 401  
Number of observations 1157 1157 1157 1157 1157  
D. O. F. 19 19 19 19 19  
Log likelihood value -527.37 -524.63 -524.03 -524.16 -524.52  
 
 
7.5  Test on Different Distribution Forms  
 
Drivers' evaluation of alternative attributes may not only follow the normal 
distribution. Other types of distributions such as uniform and log-normal may 
turn out to give better fit. For some variables, such as travel time, the log-
normal distribution may be more appropriate since all individuals are expected 
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to have negative signs, and a log-normal distribution restricts the sign of the 
parameter to be the same. Further test is thus made on different assumptions of 
coefficient distribution. Here, we presume three alternative distribution forms: 
fixed, normally distributed, and uniformly distributed. Table 7.5 presents the 
estimation results with different assumptions of random parameter distribution. 
Note that the coefficients with t-values close to zero are excluded from the 
model. Similar study can be found in Han et al (2001) where the definition of 
delay was slightly different. 
 
It should also be mentioned that the models with the same specification but 
different random distribution assumptions can not be compared using the 
standard likelihood ratio test, as it is not the case where one model places a 
restriction over another. To test such non-nested hypothesis the adjusted 
likelihood ratio index can be used. In the present study we thus compare the two 
models with normal and uniform distributions based on the measure proposed 
by Horowitz (1983), 2ρ , which takes the form as  
 

)0(
2/)(12

L
KL −

−=
βρ
)

      (7.1) 

     
where K is the degree of freedom. 
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Table 7.5 Comparison of models with different coefficient distributions 
(working trip, en-route) 
 
 Fixed Normal Uniform 
   Coeff. t-value Coeff. t-value  Coeff. t-value 
Constant E18        
      - Mean 2.2785 8.14 3.7097 5.99 3.5789 6.46 
      - Std. Dev.       
Constant (SP game 
Karolinska) E18  

      

      - Mean -0.3672 1.71 -0.6962 1.70 -0.6633 1.77 
      - Std. Dev.       
Delay E18 (min)       
      - Mean -0.0696 11.04 -0.1162 8.49 -0.1122 7.21 
      - Std. Dev.   0.0223 1.86 0.0348 1.75 
Delay E4 (min)        
      - Mean -0.0267 4.37 -0.0402 3.77 -0.0407 3.01 
      - Std. Dev.   0.0230 2.23 0.0402 1.41 
Inf. very reliable E18       
      - Mean 0.4703 2.12 0.7526 1.90 0.7165 1.93 
      - Std. Dev.   1.0111 0.98 0.4375 0.19 
Don't know delay E18       
      - Mean -2.4725 6.30 -4.0034 5.11 -3.9349 4.81 
      - Std. Dev.   1.7146 0.95 2.7063 1.42 
Very confident in estimated 
delay E18 

      

      - Mean 0.8498 2.17 1.0262 1.63 1.0847 1.53 
      - Std. Dev.       
Man  E18       
      - Mean -0.5583 3.43 -0.6067 1.74 -0.5560 1.80 
      - Std. Dev.   1.0293 1.48 1.5158 0.90 
Very often driving car E18        
      - Mean 0.0619 0.34 0.3528 1.01 0.3375 1.11 
      - Std. Dev.   1.5851 4.61 2.5743 3.40 
Avoid congestion E18       
      - Mean -0.6051 3.76 -1.1218 3.27 -1.1147 3.42 
      - Std. Dev.       
Inf. very reliable*delay E4       
      - Mean -0.0215 3.96 -0.0381 4.04 -0.0340 3.42 
      - Std. Dev.       
Man*delay       
      - Mean -0.0120 1.62 -0.0319 1.92 -0.0428 1.31 
      - Std. Dev.   0.0372 1.44 0.0953 1.89 
    
Number of draws  1000 1000 
Number of individuals 401 401 401 
Number of observations 1157 1157 1157 
D. O. F. 12 19 19 
Log likelihood  -554.50 -524.16 -524.98 

2ρ  0.301097 0.3345647 0.33353 

 
 
In general, allowing the coefficients of observed variables to vary randomly 
across individuals, either normally or uniformly, increases the log-likelihood 
value substantially. This indicates that individuals' tastes do vary greatly in the 
population and the explanatory power of the mixed logit model is considerable 
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greater than that of the standard logit model. The difference in assuming the 
coefficients to follow a normal distribution and a uniform distribution does not 
exhibit to be big in the measures of both log likelihood value and the adjusted 
likelihood ratio index. This implies that drivers' tastes are rather evenly 
diversified in our data sample. 
 
The change in estimated parameters is also considerable caused by using mixed 
logit model. The magnitudes of the parameters are generally larger in the mixed 
logit relative to the standard logit. This is because the variance of the IID error 
term in the standard logit is larger than that in a mixed logit, the utility (hence 
the parameters) is scaled down in the standard logit. In addition, for some 
variables the variance is significant, which can be masked by the standard logit 
model, especially when the mean is insignificant, e.g. the variable "very often 
driving car".  
 
Based on the model specification presented above, one can see that for working 
trip en-route route choice, drivers are, as expected, very sensitive to the change 
of delay caused by an incident, which poses a negative impact on the drivers' 
current route choice. At the same time, it also shows that drivers are more 
sensitive to the change of the possible delay for their regular route than for the 
alternate route. Besides, the variation in their magnitude of response to the 
change of delay exhibits to be large and more significant for the alternate route. 
In addition, men appear to care more about delay than women. 
 
The response of drivers to the information reliability for their regular route is 
positive and rather unified. Very reliable delay information makes drivers more 
likely to stick to their regular route. For the alternate route, the information 
reliability shows to become more important with the increase of delay, which 
will induce drivers not to switch to this route.  
 
The drivers' subjective view and confidence in their estimates of delay appears 
to be important. If drivers are very uncertain of the expected delay and can not 
even give an estimate, which is represented here by variable "don't know delay", 
they are more inclined to switch to another route. In contrast, if drivers are very 
confident in their estimated delay they are more willing to stay on their current 
route.  
 
The familiarity with network, which is supposed to be captured by the variable 
"very often driving car", seems to have a dual effect on route choice. Almost 
half choose to stay and half choose to switch if they are very often driving car. 
This thus results in an insignificant mean but significant variation of the 
parameter.  
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In addition, it is shown that, if all else being equal, men, in contrast to women, 
are more likely to switch to an alternative route rather than sticking to their 
regular route when there is an incident. One explanation would be that women 
have greater reluctance to explore new routes and are thus not so familiar with 
the alternative route.  
 
Another factor, people's attitude towards congestion, exhibits the impact just as 
expected, that is, drivers who label themselves as being willing to avoid 
congestion are more likely to divert from the incident route. Moreover, the 
significant positive alternative constant indicates that drivers have inertia to 
switch from their regular route. This may reflect not only a reluctance to 
change, but also the utility difference between the regular route and the alternate 
route (except for the travel time difference, which is accounted for in the 
specification by the  delay variable for the alternate route). 
 
 
7.6  Test on Different Choice Situations 
 
Up to now, the models having been estimated and discussed are only related to 
work trip en-route route switch choice. It is certainly interesting to compare the 
differences in the route choice behavior between work trip and other trip 
purposes, pre-trip and en-route. In the SP game questions of the data survey, 
two different choice situations corresponding to pre-trip and en-route were 
presented to the respondents. One target group of the data SP survey also covers 
both the work trip and other trip purposes. Models can thus be estimated on the 
data extracted specifically for these cases. Nevertheless, the problem is that the 
size of the data samples used for the tests can be very small since only one 
target group could make non-commuting trips and only SP game questions 
provide data for pre-trip route switch choice. 
 
Table 7.6 presents the estimation results for non-commuting trips. In order to 
make a comparison, these models need to be specified identically to those for 
the working trip. However, estimation problem was encountered for the mixed 
logit model specification if the number of random draws was set to be large 
(e.g. larger than 10). This can probably be attributed to the small size of the data 
sample used. Therefore, for the mixed logit form only the coefficients for 
incident delay are varied and the results presented use the number of random 
draws equal to 10. 
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Table 7.6 Comparison of models with different coefficient distributions (other 
trip purposes, en-route) 
 
 Fixed Normal Uniform 
 Coeff. t-value Coeff. t-value Coeff. t-value 
Constant E18        
      - Mean 2.3766 5.90 3.4127 4.13 12.9513 2.40 
      - Std. Dev.       
Delay E18 (min)       
      - Mean -0.0622 7.02 -0.1241 4.37 -0.6531 2.28 
      - Std. Dev.   0.0663 2.90 0.2057 1.54 
Delay E4 (min)        
      - Mean -0.0087 1.50 -0.0399 3.05 -0.3644 2.19 
      - Std. Dev.   0.2152 3.71 1.9808 2.29 
Inf. very reliable E18       
      - Mean 0.6803 2.08 1.2696 0.77 12.2192 2.05 
      - Std. Dev.       
Don't know delay E18       
      - Mean -1.9501 4.37 -3.0826 3.60 -10.9348 2.55 
      - Std. Dev.       
Very confident in estimated 
delay E18 

      

      - Mean -0.5546 0.74 0.6004 0.58 0.2432 0.14 
      - Std. Dev.       
Man  E18       
      - Mean -0.4199 1.72 -0.2314 0.55 -1.3990 0.82 
      - Std. Dev.       
Very often driving car E18        
      - Mean -0.1546 0.48 -0.2591 0.49 5.7709 1.71 
      - Std. Dev.       
Avoid congestion E18       
      - Mean -0.4654 1.74 -1.3419 2.53 -8.5144 2.15 
      - Std. Dev.       
Inf. very reliable*delay E4       
      - Mean -0.0363 3.36 -0.0410 0.56 -0.2392 1.99 
      - Std. Dev.       
Man*delay       
      - Mean 0.0031 0.39 -0.0324 1.69 -0.0155 0.22 
      - Std. Dev.       
       
Number of draws    10  10 
Number of individuals 222 222 222 
Number of observations 385 385 385 
D. O. F. 11 13 13 
Log likelihood  -212.31 -183.24 -147.98 

2ρ  0.183809 0.288995 0.421123 

 
 
Based on the fixed logit model estimation results, one can see that different 
from the working trip, for non-commuting trips, drivers are milder in response 
to incident delay, especially the delay on the alternate route which becomes 
insignificant unless the information is very reliable. On the other hand, they 
become more sensitive to information reliability, implying that drivers have less 
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time pressure and rely more on information. Drivers' confidence in the 
estimated delay and attitude towards congestion don't seem to be important 
when making route switching decisions for the non-commuting trip, and the 
gender effect also becomes weak. Similar to the result for the work trip, drivers 
are more likely to switch if they can not make an estimate of the delay caused 
by an incident.  
 
Tables 7.7a-b give the estimation results for pre-trip and en-route route switch 
choice. These models are based on only SP game data, which corresponds to a 
situation where there is an unusual delay on both routes. Two variables related 
to the confidence in the estimated delay provided by the scenario data are 
excluded. 
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Table 7.7a Models for pre-trip route choice  
 
 Fixed Normal Uniform 
   Coeff. t-value Coeff. t-value  Coeff. t-value 
Constant E18        
      - Mean 4.0372 4.88 7.0085 1.94 6.7783 4.15 
      - Std. Dev.       
Constant (SP game 
Karolinska) E18  

      

      - Mean -2.4166 5.53 -5.6533 1.88 -5.5739 3.69 
      - Std. Dev.       
Delay E18 (min)       
      - Mean -0.0955 8.77 -0.2063 2.45 -0.2279 4.21 
      - Std. Dev.   0.0312 0.46 0.0231 1.16 
Delay E4 (min)        
      - Mean -0.0593 4.59 -0.1501 2.45 -0.1723 3.17 
      - Std. Dev.   0.0568 1.23 0.1218 2.94 
Inf. very reliable E18       
      - Mean 0.5860 1.54 1.8265 1.05 1.8738 2.07 
      - Std. Dev.       
Man  E18       
      - Mean -1.3616 3.42 -2.2874 1.22 -2.9042 2.45 
      - Std. Dev.       
Very often driving car E18        
      - Mean 0.6322 1.70 2.8546 1.34 3.2802 2.42 
      - Std. Dev.   3.6957 1.78 5.8278 2.46 
Avoid congestion E18       
      - Mean 0.0426 0.11 0.5964 0.43 1.1693 1.06 
      - Std. Dev.   1.2690 0.51 4.1537 2.51 
Inf. very reliable*delay E4       
      - Mean 0.0038 0.42 0.0015 0.05 0.0047 0.26 
      - Std. Dev.       
Man*delay       
      - Mean -0.0002 0.01 0.0103 0.20 0.0165 0.50 
      - Std. Dev.       
    
Number of draws  1000 1000 
Number of individuals 205 205 205 
Number of observations 503 503 503 
D. O. F. 10 14 14 
Log likelihood  -122.08 -103.90 -104.13 

2ρ  0.635512 0.681919 0.68123 
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Table 7.7b Models for en-route route choice  
 
 Fixed Normal Uniform 
   Coeff. t-value Coeff. t-value  Coeff. t-value 
Constant E18        
      - Mean 2.1074 5.22 2.7891 2.73 2.5371 3.28 
      - Std. Dev.   0.5402 0.22 1.2205 0.96 
Constant (SP game 
Karolinska) E18  

      

      - Mean -0.1680 0.70 0.1791 0.32 0.2253 0.46 
      - Std. Dev.   0.1150 0.02 0.0122 0.02 
Delay E18 (min)       
      - Mean -0.0787 9.75 -0.1317 5.36 -0.1255 6.15 
      - Std. Dev.   0.0216 0.62 0.0323 1.02 
Delay E4 (min)        
      - Mean -0.0335 3.85 -0.0689 3.26 -0.0697 3.33 
      - Std. Dev.   0.0501 2.70 0.0827 3.51 
Inf. very reliable E18       
      - Mean 0.4907 2.24 0.7727 1.49 0.6446 1.53 
      - Std. Dev.   0.7049 0.32 0.3182 0.38 
Man  E18       
      - Mean -0.5096 2.45 -0.5629 1.10 -0.5743 1.29 
      - Std. Dev.   1.8365 1.68 2.8886 2.23 
Very often driving car E18        
      - Mean -0.0322 0.14 0.3593 0.65 0.3119 0.62 
      - Std. Dev.   0.5617 0.28 0.3478 0.23 
Avoid congestion E18       
      - Mean -0.4516 2.29 -1.0595 2.10 -0.9738 1.95 
      - Std. Dev.   0.6999 0.48 1.1705 1.13 
Inf. very reliable*delay E4       
      - Mean -0.0220 3.95 -0.0559 1.82 -0.0457 2.27 
      - Std. Dev.   0.0816 1.55 0.1043 1.92 
Man*delay       
      - Mean 0.0025 0.27 -0.0227 0.76 -0.0195 0.47 
      - Std. Dev.   0.0471 1.46 0.0750 0.77 
    
Number of draws  1000 1000 
Number of individuals 252 252 252 
Number of observations 798 798 798 
D. O. F. 10 20 20 
Log likelihood  -374.52 -344.36 -344.69 

2ρ  0.3138701 0.359357 0.35876 

 
 
Individuals' route switching behavior seems to differ substantially depending on 
whether the decision is made prior to the trip or en-route. In the prior to the trip 
case, it is shown that the inertia of switching to the alternative route is much 
greater and that people's attitude towards congestion doesn't seem to be 
significant. The more often an individual drives a car, the more likely that 
individual will choose to stick to the regular route before he/she starts the trip. 
In addition, drivers appear to be less sensitive but more uniform in their 
response to the reported delay than they do when they are already on their way. 
In addition, it is seems that information reliability doesn't have any significant 
impact on the pre-trip route switching decision, neither as itself nor associated 
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with delay. When the data sets are combined, this is not the case, and some of 
the results – specifically when parameters are insignificant – may depend on the 
small size of the data set. For both pre-trip and en-route choice context, it is the 
same that men are more willing to switch than women.  
 
 
7.7  Conclusions on Estimation Results  
 
To summarize, there are many factors that influence drivers' route choice. The 
empirical result shows that, as expected, incident related factors such as delay 
and information reliability have significant impacts on drivers' route switching 
behavior, where the marginal disutility of delay derived by each individual 
driver can vary significantly between individuals. The magnitude of the impact 
of these factors also depends on the choice situation and the choice context. For 
non-commuting trips, drivers are less sensitive to the change of delay but are 
more concerned about the reliability of the delay information. If the choice is 
made prior to the trip in comparison with en-route, individuals' responses to 
these factors are much milder. In addition, delay and information reliability also 
interacts with each other. Drivers put more weight to delay if they think the 
delay information is very reliable – or, equivalently, they put more weight on 
information reliability if the delay estimate is large. 
 
Confidence in the estimated delay also plays an important role in drivers' route 
switching, especially for working trips. Drivers are more likely to switch to an 
alternate route if they feel they are unsure about their estimates, an extreme case 
is when they can not even get an estimate of the delay.  
 
It is also shown that men are more willing to switch than women and are more 
sensitive to the size of delay. The impact of the frequency of car driving appears 
to vary greatly between individuals. For the pre-trip route switching, drivers are 
on average more inclined to stick to their habitual route if they drive car very 
often. The individuals' attitude towards congestion has a significant impact on 
their route switching decision only when they are already on their way. For pre-
trip route choice, this factor doesn't seem to make a major contribution. 
 
It has also been found that some factors, such as the monetary cost, flexibility of 
working time and distance, which were thought to be important turn out to be 
not significant. The monetary factor was included in a pilot SP survey and was 
then taken away from the final SP game questionnaire. In addition, from the 
respondents' home address and their destination address, we by using trip length 
matrices obtained data on both the distance of the whole journey and on the 
distance to the incident site. The hypothesis was that the longer the trip length 
is, in terms of physical distance or time, the more willing the driver is to switch 
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to other route if there is an incident on his/her regular route. This hypothesis has 
been proved by the study of Khattak et al (1993). It is similar to the distance to 
the incident, the fewer opportunities the drivers may have to switch as they are 
approaching the incident site. Nevertheless, both of these two factors turn out to 
be insignificant in the route choice behavior of our study sample. 
 
The general conclusion we can draw from the empirical study is that using 
mixed logit provides a significant improvement in model performance and gives 
a more sensitive explanation of drivers' decision-making behavior yielding 
larger parameter estimates for time and information variables. For some 
variables, the variance is considerable, including ranges with different signs. It 
seems important in practical work to take account of the distribution of 
individuals' responsiveness, as it can be very diversified.  
 



 

 

 
 
 
8 Application in Forecast and Simulation 
 
 
8.1  Application in Forecast 
 
In this chapter, the application of the estimated empirical models in forecast is 
discussed. The models presented in Table 7.5 (normal distribution for the mixed 
logit model) are used to make forecasts on a variety of presumed scenarios. 
With focus on the impact of information and incident-related factors, these 
scenarios are formulated with varying values for information reliability and the 
estimated delay caused by an incident. In addition to the three incident scenarios 
included in the questionnaire presented to the respondents, another three 
scenarios are added. Again, the same as for the model estimation, the forecast is 
only made for the user class of imperfectly guided drivers. 
 
Apart from the delay and information reliability, there are obviously other 
factors that are related to incident and information, e.g. the uncertainty on 
perceived traffic condition. In the empirical model, two dummy variables were 
included to represent this factor, which are "very confident in estimated delay" 
and "don't know delay". Some possible scenarios can also be formulated related 
to that which are not included in this study.  
 
The base scenario is the one that the model is calibrated to. The statistics of the 
data set has been given in Table 6.2. Beyond the base scenario, another 6 
scenarios are tested. Scenario 1 gives one minute delay to the regular route, i.e. 
E18, and all the other data are the same as in the base scenario. Scenario 2 
induces a situation where the estimated delay is increased by 60 minutes for the 
regular route. Scenario 3 changes the probability of people viewing the delay 
information for the regular route as being very reliable from 15 % in the base 
scenario to 80%. The last three scenarios are formulated in line with those 
presented to the respondents in the SP survey which have different reason and 
severity level for the reported incident. This will in our study case influence the 
estimated delay. After testing on several distribution forms of the estimated 
delay, we found that we can not reject the hypothesis of log-normal distribution 
with parameter values as in Table 8.1. These parameters are used in generating 
the corresponding data for the three incident scenarios. 
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Table 8.1 Distribution parameters of estimated delay for three scenarios 
 
 Mean Std. Dev. µ  σ  Min (min) Max (min) 
Scenario 3 60.49 42.60 3.90 0.63 5 240 
Scenario 4 40.88 24.03 3.56 0.54 5 120 
Scenario 5 21.06 13.09 2.88 0.57 2 60 
 
 
Figure 8.1 shows the theoretical distributions of the estimated delay for three 
Scenarios. 
 

 
Figure 8.1 Distribution of estimated delay for different scenarios 

 
 
Similar to the model estimation, the forecasting procedure for the standard logit 
model and for the mixed logit model is different. In stead of assigning a fixed 
parameter value associated with each variable to all individuals, the mixed logit 
forecast randomly draws a parameter value from its distribution for each 
individual and the choice probability is then calculated based on that. This 
process is repeated with a pre-defined number of times and the obtained average 
probability is taken as the estimate of the choice probability. In contrast to the 
model estimation, giving different number of random draws does not result in 
any big difference in the outcome of the prediction. We use 500 number of 
repetitions in our forecast. 
 
Another issue that needs to be regarded is that the data set used for the forecast 
contains observations with repeated choices. In order to adjust the possible bias 
in the forecasting result caused by this, the repeated observations are weighted 
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down when calculating the choice probability, and the predicted shares for each 
alternative are scaled by a factor of number of observations/number of 
individuals at the end. The prediction results for different scenarios are shown in 
Table 8.2 and Figures 8.2a-b . 
 
 
Table 8.2  Forecasting result for different scenarios (share in percentage) 
 
  Base Sc. Sc. 1 Sc. 2 Sc. 3 Sc. 4 Sc. 5 Sc. 6 

E18 57.8 86.0 7.4 62.7 32.1 45.0 66.1 Mixed logit 
E4 42.2 14.0 92.6 37.3 67.9 55.0 33.9 

Fixed logit E18 59.1 88.0 9.0 63.5 32.9 46.0 67.7 
 E4 40.9 12.0 91.0 36.5 67.1 54.0 32.3 
 
 

 
Figure 8.2a Forecast of route choices using the mixed logit model 
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Figure 8.2b Forecast of route choices using the standard logit model 

 
 
Scenario 1 aims to test to what extent the estimated model can replicate drivers 
route choice under normal travel conditions where, in our study case, all drivers 
choose E18 as their regular route. The difference in the outcome of the model 
and the real data indicates the circumstance under which the model is 
applicable, which should be the route switching behavior when an incident 
occurs.  
 
The shift in the route choice share by introducing an extra hour delay to E18 is 
dramatic, where 50 percent of drivers switch from their regular route. This is 
due to both the high delay and large magnitude of the delay parameter. By 
contrast, the improvement of the information reliability for the regular route 
does not bring a considerable shift on the route choice although it is a big jump 
of the percentage of people viewing the information as being very reliable. This 
should be expected considering the relative low magnitude of the parameter 
associated with this dummy variable.  
 
The last three incident scenarios (Scenario 4 through 6) with different reason 
and severity level of incident give rise to differences in the delay estimate for 
both the length and possibly the confidence as well. Here, we only varied the 
distribution of the length of the delay to test the difference. It shows 
considerable route switching and the scale of the shift depends very much on 
how the traffic report is formulated. 
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It is also noticed that the forecasting results are quite the same, using the 
estimated standard logit model and the mixed logit model. This is what is 
expected and is consistent with the finding from the simulation study, which 
shows that the traffic assignment using mixed logit with larger mean value of 
coefficient and reasonable coefficient variance does not differ very much from 
the standard logit assignment as these two factors have contradictory effects. 
 
 
8.2  Application in Simulation 
 
The estimated empirical model can also be implemented in a traffic assignment 
simulation model. The assignment procedure is similar to the one presented in 
Figure 5.1 in section 5.1 of Part II. The difference is that more explanatory 
variables are involved. The values of these variables can be drawn from their 
distributions either obtained from the statistics of the data used in the model 
estimation or specified depending on the study case. The parameter values 
associated with these variables are also randomly drawn from their distributions 
that are given by the model estimation result.   
 
As previously described, drivers can have different route choice patterns and 
can be grouped into different classes. Drivers of user class one who have 
predefined route will stick to their fixed route and will not change on the way. 
For the travelers of other user classes they can, because of the dynamic nature of 
traffic conditions, reassess their choice and switch from the current route based 
on travel conditions actually encountered along the way. Especially in the 
presence of ATIS, which is potentially able to reduce the uncertainty associated 
with travelers' perception, the likelihood is higher for travelers to reconsider 
their decision and make a possible diversion on the way. 
 
Whatever the route choice pattern the drivers have, we can use our obtained 
model to predict which route or sub-route they are going to choose if they are 
subject to an incident. What distinguishes the class of drivers with no pre-
specified route is that their route choices are link-based and need to be updated 
at each decision point while approaching their destinations.  
 
It should be mentioned that the model developed in this study is specifically 
applicable to an incident situation when individual drivers are subject to 
changed traffic conditions. For the choice of the pre-defined route, a route 
choice model for normal travel conditions is needed. 
 
Using the network illustrated in Figure 8.3 as an example, for a driver who has a 
pre-specified but not fixed route and arrives at node j at time t when there is an 
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incident occurs, the probability of switching from the planned link m and 
choosing link l can be expressed as  
 

∑
∈

=

jLn
n

l
l tV

tV
tP

))(exp(
))(exp(

)(       (8.1) 

 
where 
 
V tl ( )  is the systematic utility of switching to a route with link l at node j at time 
t, which is a function of the perceived cost on link l at time t and the perceived 
cost on the shortest path from node k to the destination at the time the vehicle 
expects to arrive at node k; 
Lj  is the set of outgoing links at node j. The link m is part of the regular route. 
 
When the driver arrives at node k, if it is still an incident situation, the 
probability of choosing between the outgoing links at node k is calculated again 
based on the calibrated model, and the route choice is then simulated. In case it 
is a normal route choice situation, the same formula can be used but the model 
specification will be different.  
 
 
 
 
 
 
 
 
 
 
 
   
 
 
 
 
 
 

Figure 8.3 Dynamic route choice in a road network 
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9 Conclusions and Directions for Further Research 
 
A comprehensive overview on existing traffic assignment (route choice) models 
has been made and some fundamental elements in modeling route choice have 
been identified. A route choice modeling framework has been developed with 
emphasis on addressing the differences in individuals' route choice behavior. 
Both stated preference data and revealed preference data have been used, 
focusing on individuals' response to information and incident. Because of the 
particular interest of the study and the availability of data, empirical route 
switching models specifically applicable for incident situation with traffic 
information have been calibrated based on the SP data obtained. Further studies 
on the application of the estimated models in forecast and simulation have also 
been conducted. 
 
In particular, the mixed logit model has been used to incorporate the 
heterogeneity in individuals' preferences and subjective evaluation of various 
route choice factors, as well as the correlation between repeated choices. The 
performance of the mixed logit model has been investigated based on both 
simulated data and empirical data. The impacts of different route switching 
factors were studied, with particular interest in the incident and information 
related factors which turn out to be significant.  
  
Using mixed logit provides a significant improvement in model performance 
and gives a more sensitive explanation of drivers' decision-making behavior 
yielding larger parameter estimates for time and information variables. For 
some variables, the variance is considerable, including ranges with different 
signs. It seems important in practical work to take account of the distribution of 
individuals' responsiveness as it can be very diversified.  
 
The simulation study shows that care must be taken when setting the number of 
random draws for simulating the choice probability of the mixed logit model. 
Depending on the data set used, the estimated parameter values can greatly 
deviate from the real ones if the number of random draws is not properly 
defined. It is also shown that, for a population with greatly varied tastes, simply 
using the standard logit model to analyze its behavior can yield very unrealistic 
results. 
 
There are many factors that influence drivers' route choice. The empirical result 
shows that, as expected, incident related factors such as delay and information 
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reliability have significant impacts on drivers' route switching behavior, where 
the marginal disutility of delay derived by each individual driver can vary 
significantly between individuals. The magnitude of the impact of these factors 
also depends on the choice situation and the choice context. For non-commuting 
trips, drivers are less sensitive to the change of delay but are more concerned 
about the reliability of the delay information. If the choice is made prior to the 
trip in comparison with en-route, individuals' responses to these factors are 
much milder. In addition, delay and information reliability also interacts with 
each other. Drivers put more weight to delay if they think the delay information 
is very reliable – or, equivalently, they put more weight on information 
reliability if the delay estimate is large. 
 
Confidence in the estimated delay also plays an important role in drivers' route 
switching, especially for working trips. Drivers are more likely to switch to an 
alternate route if they feel they are unsure about their estimates, an extreme case 
is when they can not even get an estimate of the delay.  
 
It is also shown that men are more willing to switch than women and are more 
sensitive to the size of delay. The impact of the frequency of car driving appears 
to vary greatly between individuals. For the pre-trip route switching, drivers are 
on average more inclined to stick to their habitual route if they drive car very 
often. The individuals' attitude towards congestion has a significant impact on 
their route switching decision only when they are already on their way. For pre-
trip route choice, this factor doesn't seem to make a major contribution. 
 
It has also been found that the monetary factor, flexibility of working time, trip 
length and distance to the incident, which were expected to play important roles 
in route switching, do not exhibit any significant impacts on drivers' route 
choice in our study case.  
 
The forecasting result shows big shifts in the route choice caused by increased 
delay and different incident scenarios. Giving one hour extra delay to the 
regular route will induce 50 percent of drivers to switch from it. On the other 
hand, the improvement of individuals' view on information reliability doesn't 
seem to be a big incitement for route switching. Moreover, the estimated 
standard logit model and the mixed logit model produce fairly consistent 
forecasting results. 
 
Because of the limitation of the information provided by the empirical data, and 
the scope of the project, there are some issues which are relevant and interesting 
for the present study but which have not been covered. This can include such 
issues as the formation of choice set, travelers' behavior with regard to multiple 
information sources, modeling perceived delay (travel time) based on reported 
incidents, learning and perception updating etc. In addition, larger data sets and 
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revealed preference data are needed in order to make it possible to make more 
reliable estimates. 
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Appendix I  Validation of Car Ownership Models 
 
 
In the following tables, an ‘A’ or ‘V’ is given when the numbers predicted and 
chosen are different. This indicator represents an arrow, pointing to the higher 
number of the two. The star ‘*’ indicates the number of standard deviations of 
difference between these two numbers. 
 
It should be mentioned that the total observed households and the predicted 
households choosing a specific alternative will be equal because of the inclusion 
of alternative specific constants in the utility function.  
 
 
Table 1 Validation of Model 1 over the number of workers in household 
  
------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦  82.0 228.0  85.0   5.0   1.0    .0 401.0 
  SD. Chsn ¦   6.2  10.3   8.4   2.0    .4    .0  14.8 
ZERO-CAR   ¦    V     A     V     A    *A 
  No. Pred ¦  83.2 223.3  89.9   4.4    .2    .0 401.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 104.0 326.0 551.0  46.0   6.0    .01033.0 
  SD. Chsn ¦   6.4  11.2  13.2   4.7   1.8    .4  19.1 
ONE-CAR    ¦    A     V     A     V     A     V 
  No. Pred ¦ 100.4 333.7 546.2  47.2   5.3    .21033.0 
-----------+------------------------------------------- 
  No. Chsn ¦   3.0  39.0 188.0  47.0  11.0   2.0 290.0 
  SD. Chsn ¦   2.3   5.3  11.3   4.5   1.8    .4  13.6 
2+CAR      ¦   *V     A           A     V     A 
  No. Pred ¦   5.4  36.0 187.9  46.4  12.6   1.8 290.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 189.0 593.0 824.0  98.0  18.0   2.01724.0 
Total      ¦ 
  No. Pred ¦ 189.0 593.0 824.0  98.0  18.0   2.01724.0 
------------------------------------------------------- 
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Table 2 Validation of Model 1 over the number of adults in household 
  
------------------------------------------------------------- 
Choice     ¦ 0   ¦  1  ¦  2  ¦  3  ¦  4  ¦  5  ¦  6  ¦ Total 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 225.0 157.0  16.0   3.0    .0    .0 401.0 
  SD. Chsn ¦    .0   9.2  11.2   2.9   1.3    .0    .0  14.8 
ZERO-CAR   ¦          A    *V    *A     A 
  No. Pred ¦    .0 217.3 171.2  10.6   1.9    .0    .0 401.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 169.0 756.0  83.0  25.0    .0    .01033.0 
  SD. Chsn ¦    .0   9.2  15.1   6.3   3.3    .6    .3  19.1 
ONE-CAR    ¦          V    *A   **V    *A     V 
  No. Pred ¦    .0 176.7 738.1  96.5  21.3    .4    .11033.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0 185.0  76.0  24.0   3.0   2.0 290.0 
  SD. Chsn ¦    .0    .0  11.7   6.0   3.2    .6    .3  13.6 
2+CAR      ¦                V    *A    *V     A 
  No. Pred ¦    .0    .0 188.7  67.9  28.9   2.6   1.9 290.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 394.01098.0 175.0  52.0   3.0   2.01724.0 
Total      ¦ 
  No. Pred ¦    .0 394.01098.0 175.0  52.0   3.0   2.01724.0 
------------------------------------------------------------- 
 
 
 
 
Table 3 Validation of Model 1 over the age of household head  
 
------------------------------------------------- 
Choice     ¦      ¦<35  ¦35-49¦50-64¦>65  ¦ Total 
-----------+------------------------------------- 
  No. Chsn ¦    .0 160.0 130.0  62.0  49.0 401.0 
  SD. Chsn ¦    .0   8.5   8.7   6.7   5.1  14.8 
ZERO-CAR   ¦         *A     A   **V     V 
  No. Pred ¦    .0 144.3 127.1  79.2  50.5 401.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0 283.0 434.0 225.0  91.01033.0 
  SD. Chsn ¦    .0  10.2  12.4   8.6   5.6  19.1 
ONE-CAR    ¦         *V     V    *A    *A 
  No. Pred ¦    .0 295.3 444.4 209.0  84.31033.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0  52.0 170.0  62.0   6.0 290.0 
  SD. Chsn ¦    .0   6.5   9.8   6.2   2.8  13.6 
2+CAR      ¦          V     A     A    *V 
  No. Pred ¦    .0  55.4 162.6  60.8  11.2 290.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0 495.0 734.0 349.0 146.01724.0 
Total      ¦ 
  No. Pred ¦    .0 495.0 734.0 349.0 146.01724.0 
------------------------------------------------- 
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Table 4 Validation of Model 1 over household annual income (100,000 Swedish 
crown)  
 
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 191.0 144.0  52.0  10.0   2.0   2.0 401.0 
  SD. Chsn ¦   8.2   9.9   6.9   2.4    .6    .5  14.8 
ZERO-CAR   ¦   *A    *V     V    *A   **A  ***A 
  No. Pred ¦ 176.3 160.8  57.1   6.1    .4    .2 401.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 122.0 389.0 387.0  98.0  17.0  20.01033.0 
  SD. Chsn ¦   8.4  11.3  10.7   6.0   2.9   2.6  19.1 
ONE-CAR    ¦   *V    *A     A    *V    *V     V 
  No. Pred ¦ 136.8 366.6 382.2 105.2  22.0  20.21033.0 
-----------+------------------------------------------- 
  No. Chsn ¦  11.0  54.0 121.0  68.0  23.0  13.0 290.0 
  SD. Chsn ¦   2.9   6.8   9.1   5.7   2.9   2.6  13.6 
2+CAR      ¦    A     V     A     A    *A     V 
  No. Pred ¦  10.9  59.6 120.7  64.7  19.6  14.5 290.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 324.0 587.0 560.0 176.0  42.0  35.01724.0 
Total      ¦ 
  No. Pred ¦ 324.0 587.0 560.0 176.0  42.0  35.01724.0 
------------------------------------------------------- 
 
 
 
 
Table 5 Validation of Model 2 over the number of workers  
  
------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 356.0 321.0  98.0   7.0    .0    .0 782.0 
  SD. Chsn ¦  11.9  13.1   8.9   1.9    .4    .0  19.9 
ZERO-CAR   ¦    A    *V     A    *A     V 
  No. Pred ¦ 347.4 335.5  95.1   3.9    .2    .0 782.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 396.0 698.01054.0  91.0  10.0    .02249.0 
  SD. Chsn ¦  12.4  15.1  19.9   7.1   2.0    .2  28.8 
ONE-CAR    ¦    A     V     V     A   **A 
  No. Pred ¦ 384.9 709.71059.7  89.0   5.7    .12249.0 
-----------+------------------------------------------- 
  No. Chsn ¦   6.0 127.0 730.0 197.0  39.0   2.01101.0 
  SD. Chsn ¦   4.9   8.4  18.9   7.1   2.0    .2  22.5 
2+CAR      ¦ ***V  ***A     A     V   **V 
  No. Pred ¦  25.7 100.8 727.2 202.2  43.1   1.91101.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 758.01146.01882.0 295.0  49.0   2.04132.0 
Total      ¦ 
  No. Pred ¦ 758.01146.01882.0 295.0  49.0   2.04132.0 
------------------------------------------------------- 
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Table 6 Validation of Model 2 over the number of adults in household 
  
------------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦   6 ¦ Total 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 483.0 280.0  15.0   4.0    .0    .0 782.0 
  SD. Chsn ¦    .0  13.5  14.1   3.5   1.5    .3    .0  19.9 
ZERO-CAR   ¦          A     V     A     A 
  No. Pred ¦    .0 479.8 285.4  14.1   2.7    .1    .0 782.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 447.01553.0 211.0  37.0   1.0    .02249.0 
  SD. Chsn ¦    .0  13.5  22.9  10.3   4.3    .9    .3  28.8 
ONE-CAR    ¦          V     A    *V    *A     V 
  No. Pred ¦    .0 450.21541.0 225.5  31.0   1.1    .12249.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0 691.0 308.0  93.0   8.0   1.01101.0 
  SD. Chsn ¦    .0    .0  19.6  10.1   4.2    .9    .3  22.5 
2+CAR      ¦                V    *A    *V     A 
  No. Pred ¦    .0    .0 697.6 294.4 100.3   7.8    .91101.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 930.02524.0 534.0 134.0   9.0   1.04132.0 
Total      ¦ 
  No. Pred ¦    .0 930.02524.0 534.0 134.0   9.0   1.04132.0 
------------------------------------------------------------- 
  
 
 
 

Table 7 Validation of Model 2 over the age of household head  
  
------------------------------------------------- 
Choice     ¦      ¦<35  ¦35-49¦50-64¦>65  ¦ Total 
-----------+------------------------------------- 
  No. Chsn ¦    .0 223.0 141.0 143.0 275.0 782.0 
  SD. Chsn ¦    .0  10.9   8.9   9.2  10.6  19.9 
ZERO-CAR   ¦          A     A    *V     A 
  No. Pred ¦    .0 220.8 138.0 153.0 270.2 782.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0 604.0 724.0 554.0 367.02249.0 
  SD. Chsn ¦    .0  14.7  17.1  13.8  11.4  28.8 
ONE-CAR    ¦          V    *V    *A    *A 
  No. Pred ¦    .0 617.4 752.1 528.5 351.12249.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0 215.0 605.0 265.0  16.01101.0 
  SD. Chsn ¦    .0  10.7  15.3  11.2   5.5  22.5 
2+CAR      ¦         *A    *A    *V  ***V 
  No. Pred ¦    .0 203.8 579.9 280.6  36.71101.0 
-----------+------------------------------------- 
  No. Chsn ¦    .01042.01470.0 962.0 658.04132.0 
Total      ¦ 
  No. Pred ¦    .01042.01470.0 962.0 658.04132.0 
------------------------------------------------- 
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Table 8 Validation of Model 2 over household annual income (100,000 Swedish 
crown)  
 
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 350.0 355.0  67.0   6.0   1.0   3.0 782.0 
  SD. Chsn ¦  10.6  14.6   7.7   2.9   1.0    .4  19.9 
ZERO-CAR   ¦   *A     V     V    *V        ***A 
  No. Pred ¦ 338.7 363.5  69.2   9.4   1.0    .2 782.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 222.0 947.0 780.0 228.0  48.0  24.02249.0 
  SD. Chsn ¦  10.8  17.8  16.3   9.9   5.1   3.2  28.8 
ONE-CAR    ¦    V  ***A     V  ***V  ***V    *V 
  No. Pred ¦ 224.8 887.1 787.8 257.8  63.6  28.02249.0 
-----------+------------------------------------------- 
  No. Chsn ¦   6.0 187.0 486.0 282.0  92.0  48.01101.0 
  SD. Chsn ¦   3.3  11.6  15.1   9.7   5.0   3.2  22.5 
2+CAR      ¦  **V  ***V     A  ***A  ***A     A 
  No. Pred ¦  14.5 238.4 476.0 248.8  76.4  46.81101.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 578.01489.01333.0 516.0 141.0  75.04132.0 
Total      ¦ 
  No. Pred ¦ 578.01489.01333.0 516.0 141.0  75.04132.0 
------------------------------------------------------- 
 
 
 
 

Table 9 Validation of Model 20 over household annual income (100,000 
Swedish crown)  
 
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 191.0 144.0  52.0  10.0   2.0   2.0 401.0 
  SD. Chsn ¦   8.1   9.8   6.8   2.5    .8    .8  14.7 
ZERO-CAR   ¦    A     V     V    *A    *A    *A 
  No. Pred ¦ 184.1 153.1  55.6   7.0    .6    .6 401.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 122.0 389.0 387.0  98.0  17.0  20.01033.0 
  SD. Chsn ¦   8.3  11.2  10.7   6.0   2.9   2.7  19.0 
ONE-CAR    ¦   *V    *A     A     V    *V     V 
  No. Pred ¦ 130.9 375.2 382.1 103.1  21.3  20.41033.0 
-----------+------------------------------------------- 
  No. Chsn ¦  11.0  54.0 121.0  68.0  23.0  13.0 290.0 
  SD. Chsn ¦   2.7   6.7   9.1   5.7   2.9   2.6  13.6 
2+CAR      ¦    A     V     V     A    *A     V 
  No. Pred ¦   9.0  58.7 122.3  65.9  20.0  14.0 290.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 324.0 587.0 560.0 176.0  42.0  35.01724.0 
Total      ¦ 
  No. Pred ¦ 324.0 587.0 560.0 176.0  42.0  35.01724.0 
------------------------------------------------------- 
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Table 10 Validation of Model 21 over household annual income (100,000 
Swedish crown)  
 
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 350.0 355.0  67.0   6.0   1.0   3.0 782.0 
  SD. Chsn ¦  10.3  14.4   7.9   3.5   1.6   1.1  19.8 
ZERO-CAR   ¦    A     A     V   **V    *V    *A 
  No. Pred ¦ 348.8 341.9  73.4  14.0   2.7   1.4 782.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 222.0 947.0 780.0 228.0  48.0  24.02249.0 
  SD. Chsn ¦  10.4  17.4  16.4  10.0   5.0   3.2  28.6 
ONE-CAR    ¦    V     V     A     V     V     A 
  No. Pred ¦ 223.4 948.4 776.1 229.0  51.0  21.12249.0 
-----------+------------------------------------------- 
  No. Chsn ¦   6.0 187.0 486.0 282.0  92.0  48.01101.0 
  SD. Chsn ¦   2.3  11.1  15.3   9.8   4.9   3.1  22.2 
2+CAR      ¦    A    *V     A     A     A    *V 
  No. Pred ¦   5.9 198.8 483.6 272.9  87.3  52.51101.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 578.01489.01333.0 516.0 141.0  75.04132.0 
Total      ¦ 
  No. Pred ¦ 578.01489.01333.0 516.0 141.0  75.04132.0 
-------------------------------------------------------  
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Table 11 Validation of Model 28 over the number of workers in household 
  
------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦  30.0  82.0  15.0    .0    .0    .0 127.0 
  SD. Chsn ¦   4.5   7.9   4.1   1.1    .3    .0  10.0 
0L0C       ¦    A     A     V    *V 
  No. Pred ¦  26.8  81.4  17.6   1.1    .1    .0 126.9 
-----------+------------------------------------------- 
  No. Chsn ¦  45.0 125.0  35.0   2.0    .0    .0 207.0 
  SD. Chsn ¦   5.3   9.2   5.8   1.4    .4    .0  12.1 
1L0C       ¦    A     A     V     V     V           A 
  No. Pred ¦  42.2 124.9  37.5   2.2    .1    .0 206.9 
-----------+------------------------------------------- 
  No. Chsn ¦   7.0  21.0  35.0   3.0   1.0    .0  67.0 
  SD. Chsn ¦   3.4   4.2   5.4   1.4    .4    .0   7.8 
2+L0C      ¦   *V     A     A     A   **A           V 
  No. Pred ¦  13.4  20.2  31.3   2.1    .1    .0  67.2 
-----------+------------------------------------------- 
  No. Chsn ¦  66.0 222.0 156.0  10.0   1.0    .0 455.0 
  SD. Chsn ¦   6.1  10.6  11.7   3.5   1.2    .3  17.3 
1L1C       ¦   *A    *A    *V    *V     V 
  No. Pred ¦  59.0 202.6 176.8  14.9   1.6    .1 455.0 
-----------+------------------------------------------- 
  No. Chsn ¦  37.0  98.0 393.0  36.0   5.0    .0 569.0 
  SD. Chsn ¦   5.1   8.1  14.0   4.5   1.6    .4  17.6 
2+L1C      ¦    V   **V    *A    *A     A     V 
  No. Pred ¦  41.8 121.0 371.2  31.3   3.6    .1 569.0 
-----------+------------------------------------------- 
  No. Chsn ¦   3.0  36.0 185.0  46.0  11.0   2.0 283.0 
  SD. Chsn ¦   2.1   5.2  11.2   4.5   1.8    .4  13.4 
2+L2+C     ¦    V     A     A     A     V     A 
  No. Pred ¦   4.9  33.9 184.7  45.3  12.5   1.8 283.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 188.0 584.0 819.0  97.0  18.0   2.01708.0 
Total      ¦ 
  No. Pred ¦ 188.0 584.0 819.0  97.0  18.0   2.01708.0 
------------------------------------------------------- 
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Table 12 Validation of Model 28 over the number of adults in household 
  
------------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦   6 ¦ Total 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0  88.0  35.0   4.0    .0    .0    .0 127.0 
  SD. Chsn ¦    .0   8.1   5.6   1.6    .8    .0    .0  10.0 
0L0C       ¦          V     A     A     V 
  No. Pred ¦    .0  90.7  32.7   2.7    .7    .0    .0 126.9 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 137.0  63.0   7.0    .0    .0    .0 207.0 
  SD. Chsn ¦    .0   9.0   7.8   2.2   1.1    .1    .0  12.1 
1L0C       ¦          A     V     A    *V                 A 
  No. Pred ¦    .0 132.0  68.5   5.2   1.3    .0    .0 206.9 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0  59.0   5.0   3.0    .0    .0  67.0 
  SD. Chsn ¦    .0    .0   7.4   2.2   1.1    .1    .0   7.8 
2+L0C      ¦                V          *A                 V 
  No. Pred ¦    .0    .0  60.7   5.1   1.3    .0    .0  67.2 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 164.0 266.0  19.0   6.0    .0    .0 455.0 
  SD. Chsn ¦    .0   9.0  13.8   5.0   2.4    .4    .1  17.3 
1L1C       ¦          V    *A   **V     V     V 
  No. Pred ¦    .0 166.3 250.8  30.7   7.0    .1    .0 455.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0 487.0  63.0  19.0    .0    .0 569.0 
  SD. Chsn ¦    .0    .0  16.2   6.2   3.0    .5    .2  17.6 
2+L1C      ¦                V     A    *A     V 
  No. Pred ¦    .0    .0 493.7  61.9  13.1    .3    .1 569.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0 180.0  74.0  24.0   3.0   2.0 283.0 
  SD. Chsn ¦    .0    .0  11.6   6.0   3.2    .6    .3  13.4 
2+L2+C     ¦                V    *A    *V     A 
  No. Pred ¦    .0    .0 183.5  66.4  28.6   2.6   1.9 283.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 389.01090.0 172.0  52.0   3.0   2.01708.0 
Total      ¦ 
  No. Pred ¦    .0 389.01090.0 172.0  52.0   3.0   2.01708.0 
------------------------------------------------------------- 
  
 



Appendix I  Validation of the Car Ownership Models 

247  

Table 13 Validation of Model 28 over the age of household head  
  
------------------------------------------------- 
Choice     ¦      ¦<35  ¦35-49¦50-64¦>65  ¦ Total 
-----------+------------------------------------- 
  No. Chsn ¦    .0  44.0  38.0  25.0  20.0 127.0 
  SD. Chsn ¦    .0   5.9   5.8   4.4   3.4  10.0 
0L0C       ¦          V     V     A    *A 
  No. Pred ¦    .0  44.3  43.0  24.5  15.1 126.9 
-----------+------------------------------------- 
  No. Chsn ¦    .0  92.0  67.0  27.0  21.0 207.0 
  SD. Chsn ¦    .0   7.7   7.1   4.7   4.0  12.1 
1L0C       ¦          A     V     V     A     A 
  No. Pred ¦    .0  91.7  67.3  27.1  20.8 206.9 
-----------+------------------------------------- 
  No. Chsn ¦    .0  24.0  25.0  10.0   8.0  67.0 
  SD. Chsn ¦    .0   4.1   4.6   3.8   2.9   7.8 
2+L0C      ¦         *A     A    *V     V     V 
  No. Pred ¦    .0  18.4  23.4  15.8   9.6  67.2 
-----------+------------------------------------- 
  No. Chsn ¦    .0 131.0 163.0 110.0  51.0 455.0 
  SD. Chsn ¦    .0   9.4  10.6   8.2   5.6  17.3 
1L1C       ¦          V     A           V 
  No. Pred ¦    .0 131.1 162.5 110.1  51.3 455.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0 149.0 268.0 112.0  40.0 569.0 
  SD. Chsn ¦    .0   9.0  11.8   8.0   4.9  17.6 
2+L1C      ¦          V     V     A     A 
  No. Pred ¦    .0 152.4 268.2 109.3  39.1 569.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0  51.0 166.0  60.0   6.0 283.0 
  SD. Chsn ¦    .0   6.4   9.8   6.0   2.6  13.4 
2+L2+C     ¦          V     A     A    *V 
  No. Pred ¦    .0  53.1 162.6  57.2  10.2 283.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0 491.0 727.0 344.0 146.01708.0 
Total      ¦ 
  No. Pred ¦    .0 491.0 727.0 344.0 146.01708.0 
------------------------------------------------- 
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Table 14 Validation of Model 28 over household annual income (100,000 
Swedish crown) 
 
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦  81.0  38.0   7.0   1.0    .0    .0 127.0 
  SD. Chsn ¦   7.0   6.2   3.3   1.2    .4    .4  10.0 
0L0C       ¦   *A    *V    *V     V     V     V 
  No. Pred ¦  68.2  45.2  11.7   1.6    .1    .1 126.9 
-----------+------------------------------------------- 
  No. Chsn ¦ 102.0  82.0  19.0   3.0    .0   1.0 207.0 
  SD. Chsn ¦   7.9   7.7   4.7   1.7    .5    .5  12.1 
1L0C       ¦    V     A     V           V    *A     A 
  No. Pred ¦ 102.8  76.9  23.6   3.0    .3    .3 206.9 
-----------+------------------------------------------- 
  No. Chsn ¦   8.0  24.0  26.0   6.0   2.0   1.0  67.0 
  SD. Chsn ¦   3.3   5.3   4.3   1.6    .5    .5   7.8 
2+L0C      ¦   *V    *V    *A   **A  ***A    *A     V 
  No. Pred ¦  13.0  31.1  19.9   2.6    .3    .3  67.2 
-----------+------------------------------------------- 
  No. Chsn ¦  91.0 212.0 135.0  12.0   2.0   3.0 455.0 
  SD. Chsn ¦   7.7  10.5   9.8   5.1   2.3   2.3  17.3 
1L1C       ¦    V   **A     A  ***V    *V    *V 
  No. Pred ¦  91.3 186.1 130.9  33.3   6.6   6.8 455.0 
-----------+------------------------------------------- 
  No. Chsn ¦  27.0 173.0 252.0  85.0  15.0  17.0 569.0 
  SD. Chsn ¦   4.7  10.1  11.5   6.2   2.9   2.8  17.6 
2+L1C      ¦   *V    *V     A   **A     A    *A 
  No. Pred ¦  36.0 184.8 251.1  68.8  14.8  13.5 569.0 
-----------+------------------------------------------- 
  No. Chsn ¦  11.0  51.0 118.0  67.0  23.0  13.0 283.0 
  SD. Chsn ¦   2.6   6.6   9.1   5.7   2.9   2.6  13.4 
2+L2+C     ¦    A     V     V     A    *A     V 
  No. Pred ¦   8.7  56.0 119.8  64.6  20.0  14.0 283.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 320.0 580.0 557.0 174.0  42.0  35.01708.0 
Total      ¦ 
  No. Pred ¦ 320.0 580.0 557.0 174.0  42.0  35.01708.0 
------------------------------------------------------- 
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Table 15 Validation of Model 29 over the number of workers in household 
 
------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 212.0 126.0  29.0   2.0    .0    .0 369.0 
  SD. Chsn ¦  10.9  10.5   5.4   1.0    .2    .0  16.0 
0L0C       ¦  **A    *V     V     A                 A 
  No. Pred ¦ 187.6 142.0  30.7   1.1    .0    .0 361.4 
-----------+------------------------------------------- 
  No. Chsn ¦ 127.0 179.0  46.0   2.0    .0    .0 354.0 
  SD. Chsn ¦   9.8  11.4   6.8   1.3    .3    .0  16.6 
1L0C       ¦    V     A     V     A                 V 
  No. Pred ¦ 129.6 178.2  50.9   1.6    .1    .0 360.3 
-----------+------------------------------------------- 
  No. Chsn ¦  17.0  16.0  23.0   3.0    .0    .0  59.0 
  SD. Chsn ¦   5.3   3.4   4.0    .8    .1    .0   7.5 
2+L0C      ¦  **V    *A    *A  ***A                 V 
  No. Pred ¦  31.6  12.0  16.1    .6    .0    .0  60.3 
-----------+------------------------------------------- 
  No. Chsn ¦ 265.0 459.0 210.0  14.0   2.0    .0 950.0 
  SD. Chsn ¦  12.2  14.2  14.1   4.5   1.2    .1  23.9 
1L1C       ¦   *A    *A    *V   **V     A           A 
  No. Pred ¦ 242.5 441.3 236.8  23.1   1.4    .0 945.2 
-----------+------------------------------------------- 
  No. Chsn ¦ 128.0 232.0 844.0  77.0   8.0    .01289.0 
  SD. Chsn ¦   9.6  11.1  20.3   6.7   1.8    .2  26.0 
2+L1C      ¦   *V   **V    *A    *A    *A           V 
  No. Pred ¦ 140.8 262.7 816.5  69.0   4.8    .01293.8 
-----------+------------------------------------------- 
  No. Chsn ¦   6.0 126.0 716.0 195.0  39.0   2.01084.0 
  SD. Chsn ¦   4.6   8.2  18.4   7.0   2.0    .2  22.0 
2+L2+C     ¦ ***V   **A     V     V    *V 
  No. Pred ¦  23.0 101.8 717.0 197.6  42.7   1.91084.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 755.01138.01868.0 293.0  49.0   2.04105.0 
Total      ¦ 
  No. Pred ¦ 755.01138.01868.0 293.0  49.0   2.04105.0 
------------------------------------------------------- 
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Table 16 Validation of Model 29 over the number of adults in household 
 
------------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦   6 ¦ Total 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 251.0 112.0   3.0   3.0    .0    .0 369.0 
  SD. Chsn ¦    .0  12.6   9.7   2.0    .8    .1    .0  16.0 
0L0C       ¦          A     A     V   **A                 A 
  No. Pred ¦    .0 247.3 109.0   4.3    .7    .0    .0 361.4 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 232.0 114.0   8.0    .0    .0    .0 354.0 
  SD. Chsn ¦    .0  12.7  10.4   2.3   1.0    .2    .0  16.6 
1L0C       ¦          A     V     A    *V                 V 
  No. Pred ¦    .0 229.4 124.0   5.8   1.0    .0    .0 360.3 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0  54.0   4.0   1.0    .0    .0  59.0 
  SD. Chsn ¦    .0    .0   7.3   1.5    .6    .1    .0   7.5 
2+L0C      ¦                V    *A    *A                 V 
  No. Pred ¦    .0    .0  57.6   2.3    .4    .0    .0  60.3 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 439.0 474.0  35.0   2.0    .0    .0 950.0 
  SD. Chsn ¦    .0  13.6  18.1   7.1   2.7    .5    .1  23.9 
1L1C       ¦          V   **A  ***V   **V     V           A 
  No. Pred ¦    .0 445.3 430.9  60.5   8.2    .3    .0 945.2 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .01077.0 176.0  35.0   1.0    .01289.0 
  SD. Chsn ¦    .0    .0  23.6   9.9   4.0    .8    .2  26.0 
2+L1C      ¦               *V    *A   **A                 V 
  No. Pred ¦    .0    .01103.2 165.8  23.9    .9    .01293.8 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0 678.0 304.0  93.0   8.0   1.01084.0 
  SD. Chsn ¦    .0    .0  19.1   9.9   4.2    .9    .2  22.0 
2+L2+C     ¦                V    *A    *V     A 
  No. Pred ¦    .0    .0 684.2 291.3  99.8   7.7    .91084.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 922.02509.0 530.0 134.0   9.0   1.04105.0 
Total      ¦ 
  No. Pred ¦    .0 922.02509.0 530.0 134.0   9.0   1.04105.0 
------------------------------------------------------------- 
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 Table 17 Validation of Model 29 over the age of household head 
  
------------------------------------------------- 
Choice     ¦      ¦<35  ¦35-49¦50-64¦>65  ¦ Total 
-----------+------------------------------------- 
  No. Chsn ¦    .0  60.0  49.0  81.0 179.0 369.0 
  SD. Chsn ¦    .0   8.2   6.5   7.5   9.6  16.0 
0L0C       ¦        **V     V     A  ***A     A 
  No. Pred ¦    .0  84.3  52.4  75.5 149.1 361.4 
-----------+------------------------------------- 
  No. Chsn ¦    .0 132.0  80.0  56.0  86.0 354.0 
  SD. Chsn ¦    .0   9.9   7.8   6.9   8.3  16.6 
1L0C       ¦          V     A     V     A     V 
  No. Pred ¦    .0 139.4  79.7  57.9  83.3 360.3 
-----------+------------------------------------- 
  No. Chsn ¦    .0  31.0  12.0   6.0  10.0  59.0 
  SD. Chsn ¦    .0   3.2   2.6   3.7   5.1   7.5 
2+L0C      ¦       ***A    *A   **V  ***V     V 
  No. Pred ¦    .0  10.5   6.8  14.2  28.8  60.3 
-----------+------------------------------------- 
  No. Chsn ¦    .0 245.0 246.0 234.0 225.0 950.0 
  SD. Chsn ¦    .0  11.4  12.5  12.2  11.8  23.9 
1L1C       ¦         *A     V     A     V     A 
  No. Pred ¦    .0 231.4 255.2 229.9 228.7 945.2 
-----------+------------------------------------- 
  No. Chsn ¦    .0 355.0 477.0 319.0 138.01289.0 
  SD. Chsn ¦    .0  12.7  15.9  13.0   9.5  26.0 
2+L1C      ¦         *V     V    *A     A     V 
  No. Pred ¦    .0 374.0 487.8 302.2 129.91293.8 
-----------+------------------------------------- 
  No. Chsn ¦    .0 208.0 596.0 264.0  16.01084.0 
  SD. Chsn ¦    .0  10.4  14.9  11.1   5.2  22.0 
2+L2+C     ¦         *A    *A    *V  ***V 
  No. Pred ¦    .0 191.5 578.0 280.3  34.21084.0 
-----------+------------------------------------- 
  No. Chsn ¦    .01031.01460.0 960.0 654.04105.0 
Total      ¦ 
  No. Pred ¦    .01031.01460.0 960.0 654.04105.0 
------------------------------------------------- 
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Table 18 Validation of Model 29 over household annual income (100,000 
Swedish crown) 
  
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 202.0 146.0  19.0   1.0    .0   1.0 369.0 
  SD. Chsn ¦  10.4  11.0   4.8   2.1    .9    .7  16.0 
0L0C       ¦  **A     V    *V    *V     V     A     A 
  No. Pred ¦ 180.1 150.4  25.1   4.5    .8    .5 361.4 
-----------+------------------------------------------- 
  No. Chsn ¦ 137.0 185.0  28.0   2.0   1.0   1.0 354.0 
  SD. Chsn ¦  10.1  11.5   5.7   2.5   1.0    .7  16.6 
1L0C       ¦   *V    *A    *V    *V     V     A     V 
  No. Pred ¦ 149.7 167.1  35.3   6.5   1.1    .6 360.3 
-----------+------------------------------------------- 
  No. Chsn ¦  11.0  24.0  20.0   3.0    .0   1.0  59.0 
  SD. Chsn ¦   3.4   5.5   3.4   1.5    .6    .4   7.5 
2+L0C      ¦    V    *V   **A     A     V   **A     V 
  No. Pred ¦  13.4  32.0  12.2   2.2    .4    .2  60.3 
-----------+------------------------------------------- 
  No. Chsn ¦ 175.0 553.0 182.0  35.0   3.0   2.0 950.0 
  SD. Chsn ¦  10.1  15.9  12.4   6.9   3.3   2.2  23.9 
1L1C       ¦    A  ***A    *V  ***V  ***V   **V     A 
  No. Pred ¦ 171.7 487.7 201.8  61.4  14.3   8.2 945.2 
-----------+------------------------------------------- 
  No. Chsn ¦  42.0 389.0 598.0 193.0  45.0  22.01289.0 
  SD. Chsn ¦   5.5  15.0  17.0   9.9   4.8   3.0  26.0 
2+L1C      ¦   *V  ***V    *A   **A    *A  ***A     V 
  No. Pred ¦  52.6 446.1 576.0 169.1  36.9  13.11293.8 
-----------+------------------------------------------- 
  No. Chsn ¦   6.0 178.0 480.0 281.0  91.0  48.01084.0 
  SD. Chsn ¦   2.2  10.9  15.2   9.7   4.9   3.0  22.0 
2+L2+C     ¦    A    *V     A    *A     A    *V 
  No. Pred ¦   5.5 191.6 476.6 271.2  86.4  52.61084.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 573.01475.01327.0 515.0 140.0  75.04105.0 
Total      ¦ 
  No. Pred ¦ 573.01475.01327.0 515.0 140.0  75.04105.0 
------------------------------------------------------- 
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Table 19 Validation of Model 34 over household annual income (100,000 
Swedish crown) 
 
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦  81.0  38.0   7.0   1.0    .0    .0 127.0 
  SD. Chsn ¦   7.1   6.1   3.1   1.4    .7    .7  10.0 
0L0C       ¦   *A     V     V     V     V     V 
  No. Pred ¦  70.2  43.7   9.8   2.2    .5    .5 126.9 
-----------+------------------------------------------- 
  No. Chsn ¦ 102.0  82.0  19.0   3.0    .0   1.0 207.0 
  SD. Chsn ¦   8.0   7.6   4.3   2.0    .9   1.0  12.1 
1L0C       ¦    V    *A     V     V     V           A 
  No. Pred ¦ 106.5  74.3  19.7   4.2    .9   1.0 206.6 
-----------+------------------------------------------- 
  No. Chsn ¦   8.0  24.0  26.0   6.0   2.0   1.0  67.0 
  SD. Chsn ¦   3.4   5.2   4.0   1.9    .9    .9   7.8 
2+L0C      ¦   *V    *V   **A    *A    *A           V 
  No. Pred ¦  14.4  30.7  17.0   3.6    .9    .9  67.5 
-----------+------------------------------------------- 
  No. Chsn ¦  91.0 212.0 135.0  12.0   2.0   3.0 455.0 
  SD. Chsn ¦   7.5  10.5   9.8   4.8   2.2   2.2  17.3 
1L1C       ¦    A    *A     V  ***V    *V    *V     A 
  No. Pred ¦  84.7 192.4 135.9  29.3   6.0   6.3 454.7 
-----------+------------------------------------------- 
  No. Chsn ¦  27.0 173.0 252.0  85.0  15.0  17.0 569.0 
  SD. Chsn ¦   4.5  10.1  11.5   6.1   2.9   2.8  17.5 
2+L1C      ¦    V    *V     V  ***A     A    *A     V 
  No. Pred ¦  30.4 191.0 260.4  61.2  13.7  12.5 569.3 
-----------+------------------------------------------- 
  No. Chsn ¦  11.0  51.0 118.0  67.0  23.0  13.0 283.0 
  SD. Chsn ¦   3.2   6.3   8.8   5.9   2.9   2.6  13.3 
2+L2+C     ¦    V     A     A    *V    *A     V 
  No. Pred ¦  13.9  47.8 114.1  73.5  20.0  13.7 283.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 320.0 580.0 557.0 174.0  42.0  35.01708.0 
Total      ¦ 
  No. Pred ¦ 320.0 580.0 557.0 174.0  42.0  35.01708.0 
------------------------------------------------------- 
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Table 20 Validation of Model 35 over household annual income (100,000 
Swedish crown) 
  
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 202.0 146.0  19.0   1.0    .0   1.0 369.0 
  SD. Chsn ¦  10.4  11.2   4.5   1.7    .7    .7  16.1 
0L0C       ¦  **A    *V     V    *V     V     A     A 
  No. Pred ¦ 177.3 158.2  21.8   3.0    .6    .5 361.4 
-----------+------------------------------------------- 
  No. Chsn ¦ 137.0 185.0  28.0   2.0   1.0   1.0 354.0 
  SD. Chsn ¦  10.1  11.8   5.4   2.0    .9    .8  16.6 
1L0C       ¦   *V     A     V    *V     A     A     V 
  No. Pred ¦ 147.4 176.2  30.8   4.3    .7    .6 360.1 
-----------+------------------------------------------- 
  No. Chsn ¦  11.0  24.0  20.0   3.0    .0   1.0  59.0 
  SD. Chsn ¦   3.5   5.7   3.2   1.2    .5    .4   7.5 
2+L0C      ¦    V    *V   **A    *A     V    *A     V 
  No. Pred ¦  13.5  34.6  10.6   1.5    .2    .2  60.5 
-----------+------------------------------------------- 
  No. Chsn ¦ 175.0 553.0 182.0  35.0   3.0   2.0 950.0 
  SD. Chsn ¦  10.2  15.9  12.4   6.8   3.2   2.4  24.0 
1L1C       ¦    V  ***A    *V  ***V  ***V  ***V     A 
  No. Pred ¦ 175.5 483.7 202.0  59.4  13.9   9.9 944.4 
-----------+------------------------------------------- 
  No. Chsn ¦  42.0 389.0 598.0 193.0  45.0  22.01289.0 
  SD. Chsn ¦   5.5  15.0  17.0   9.7   4.7   3.3  25.9 
2+L1C      ¦   *V  ***V    *A  ***A   **A    *A     V 
  No. Pred ¦  49.9 458.1 572.4 161.5  35.4  17.41294.7 
-----------+------------------------------------------- 
  No. Chsn ¦   6.0 178.0 480.0 281.0  91.0  48.01084.0 
  SD. Chsn ¦   2.8  10.4  15.3   9.7   4.9   3.2  21.9 
2+L2+C     ¦   *V    *A     V     V     A     A 
  No. Pred ¦   9.5 164.1 489.5 285.4  89.2  46.31084.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 573.01475.01327.0 515.0 140.0  75.04105.0 
Total      ¦ 
  No. Pred ¦ 573.01475.01327.0 515.0 140.0  75.04105.0 
------------------------------------------------------- 
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Table 21 Validation of Model 36 over the number of workers in household 
  
------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦  30.0  82.0  15.0    .0    .0    .0 127.0 
  SD. Chsn ¦   4.7   7.8   3.5    .9    .1    .0   9.8 
0L0C       ¦    V           A     V                 V 
  No. Pred ¦  31.4  81.9  13.0    .8    .0    .0 127.1 
-----------+------------------------------------------- 
  No. Chsn ¦  45.0 125.0  35.0   2.0    .0    .0 207.0 
  SD. Chsn ¦   5.3   9.2   5.7   1.4    .3    .0  12.2 
1L0C       ¦    A     V     V     V                 A 
  No. Pred ¦  40.8 127.1  36.4   2.1    .1    .0 206.6 
-----------+------------------------------------------- 
  No. Chsn ¦   7.0  21.0  35.0   3.0   1.0    .0  67.0 
  SD. Chsn ¦   3.0   4.0   5.8   1.6    .5    .0   7.9 
2+L0C      ¦   *V     A     V     A    *A 
  No. Pred ¦  10.0  17.9  36.1   2.8    .3    .0  67.1 
-----------+------------------------------------------- 
  No. Chsn ¦  66.0 222.0 156.0  10.0   1.0    .0 455.0 
  SD. Chsn ¦   6.2  10.7  11.5   3.2   1.0    .2  17.2 
1L1C       ¦    A    *A    *V     V                 V 
  No. Pred ¦  61.5 208.7 171.8  12.5   1.0    .0 455.6 
-----------+------------------------------------------- 
  No. Chsn ¦  37.0  98.0 393.0  36.0   5.0    .0 569.0 
  SD. Chsn ¦   4.9   7.9  14.0   4.5   1.7    .4  17.5 
2+L1C      ¦    V   **V    *A     A     A     V     A 
  No. Pred ¦  39.2 114.5 377.1  33.4   4.1    .2 568.5 
-----------+------------------------------------------- 
  No. Chsn ¦   3.0  36.0 185.0  46.0  11.0   2.0 283.0 
  SD. Chsn ¦   2.2   5.2  11.2   4.5   1.8    .4  13.4 
2+L2+C     ¦    V     A     A     A     V     A 
  No. Pred ¦   4.9  33.9 184.5  45.4  12.5   1.8 283.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 188.0 584.0 819.0  97.0  18.0   2.01708.0 
Total      ¦ 
  No. Pred ¦ 188.0 584.0 819.0  97.0  18.0   2.01708.0 
------------------------------------------------------- 
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Table 22 Validation of Model 36 over the number of adults in household 
  
------------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦   6 ¦ Total 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0  88.0  35.0   4.0    .0    .0    .0 127.0 
  SD. Chsn ¦    .0   8.2   5.3   1.4    .8    .0    .0   9.8 
0L0C       ¦          V     A    *A     V                 V 
  No. Pred ¦    .0  94.1  30.3   2.1    .6    .0    .0 127.1 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 137.0  63.0   7.0    .0    .0    .0 207.0 
  SD. Chsn ¦    .0   9.0   7.8   2.1   1.1    .0    .0  12.2 
1L0C       ¦          A     V     A    *V                 A 
  No. Pred ¦    .0 130.0  70.1   5.1   1.3    .0    .0 206.6 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0  59.0   5.0   3.0    .0    .0  67.0 
  SD. Chsn ¦    .0    .0   7.4   2.4   1.3    .1    .0   7.9 
2+L0C      ¦                      V     A 
  No. Pred ¦    .0    .0  59.0   6.3   1.8    .0    .0  67.1 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 164.0 266.0  19.0   6.0    .0    .0 455.0 
  SD. Chsn ¦    .0   8.9  13.8   4.6   2.2    .2    .1  17.2 
1L1C       ¦          V     A    *V     A                 V 
  No. Pred ¦    .0 164.9 258.7  26.3   5.6    .0    .0 455.6 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0 487.0  63.0  19.0    .0    .0 569.0 
  SD. Chsn ¦    .0    .0  16.0   6.2   3.1    .6    .2  17.5 
2+L1C      ¦                V     V    *A     V           A 
  No. Pred ¦    .0    .0 488.3  65.8  14.0    .4    .1 568.5 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0 180.0  74.0  24.0   3.0   2.0 283.0 
  SD. Chsn ¦    .0    .0  11.6   6.0   3.2    .6    .3  13.4 
2+L2+C     ¦                V    *A    *V     A 
  No. Pred ¦    .0    .0 183.6  66.3  28.6   2.6   1.9 283.0 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 389.01090.0 172.0  52.0   3.0   2.01708.0 
Total      ¦ 
  No. Pred ¦    .0 389.01090.0 172.0  52.0   3.0   2.01708.0 
------------------------------------------------------------- 
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Table 23 Validation of Model 36 over the number of children in household 
  
------------------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦   6 ¦   7 ¦ Total 
-----------+------------------------------------------------------- 
  No. Chsn ¦  89.0  23.0   6.0   7.0   1.0    .0    .0   1.0 127.0 
  SD. Chsn ¦   8.1   4.1   3.1   2.0    .6    .3    .2    .5   9.8 
0L0C       ¦    A     A    *V    *A     A                *A     V 
  No. Pred ¦  87.0  22.2  12.2   4.8    .4    .1    .0    .3 127.1 
-----------+------------------------------------------------------- 
  No. Chsn ¦ 138.0  40.0  22.0   6.0    .0    .0   1.0    .0 207.0 
  SD. Chsn ¦   9.8   5.2   4.3   2.6   1.0    .4    .3    .5  12.2 
1L0C       ¦    A     A     V     V    *V     V  ***A     V     A 
  No. Pred ¦ 137.7  36.1  22.8   8.3   1.0    .2    .1    .3 206.6 
-----------+------------------------------------------------------- 
  No. Chsn ¦  34.0  16.0   9.0   4.0   4.0    .0    .0    .0  67.0 
  SD. Chsn ¦   5.6   3.6   3.6   1.9    .8    .2    .2    .3   7.9 
2+L0C      ¦    V     A    *V     A  ***A 
  No. Pred ¦  34.6  14.4  13.5   3.8    .7    .0    .0    .1  67.1 
-----------+------------------------------------------------------- 
  No. Chsn ¦ 265.0  66.0  88.0  29.0   6.0   1.0    .0    .0 455.0 
  SD. Chsn ¦  12.5   7.4   7.7   4.5   2.0    .7    .5    .3  17.2 
1L1C       ¦    A    *V    *A     V     A           V     V     V 
  No. Pred ¦ 262.3  77.4  79.4  29.3   5.9   1.1    .3    .1 455.6 
-----------+------------------------------------------------------- 
  No. Chsn ¦ 217.0 123.0 169.0  51.0   7.0   2.0    .0    .0 569.0 
  SD. Chsn ¦  11.1   8.2   9.1   5.1   2.4    .7    .5    .3  17.5 
2+L1C      ¦    V     V     A     V    *V    *A     V     V     A 
  No. Pred ¦ 217.3 125.8 161.5  51.9  10.6    .8    .4    .1 568.5 
-----------+------------------------------------------------------- 
  No. Chsn ¦  96.0  84.0  71.0  26.0   6.0    .0    .0    .0 283.0 
  SD. Chsn ¦   7.9   6.7   7.2   4.0   1.9    .7    .3    .1  13.4 
2+L2+C     ¦    V    *A     V     A     A    *V 
  No. Pred ¦ 100.2  76.1  75.6  24.9   5.4    .8    .1    .0 283.0 
-----------+------------------------------------------------------- 
  No. Chsn ¦ 839.0 352.0 365.0 123.0  24.0   3.0   1.0   1.01708.0 
Total      ¦ 
  No. Pred ¦ 839.0 352.0 365.0 123.0  24.0   3.0   1.0   1.01708.0 
------------------------------------------------------------------- 
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Table 24 Validation of Model 36 over the age of household head 
 
------------------------------------------------- 
Choice     ¦      ¦<35  ¦35-49¦50-64¦>65  ¦ Total 
-----------+------------------------------------- 
  No. Chsn ¦    .0  44.0  38.0  25.0  20.0 127.0 
  SD. Chsn ¦    .0   6.1   5.5   4.1   3.5   9.8 
0L0C       ¦          V     V     A    *A     V 
  No. Pred ¦    .0  48.9  40.1  21.8  16.3 127.1 
-----------+------------------------------------- 
  No. Chsn ¦    .0  92.0  67.0  27.0  21.0 207.0 
  SD. Chsn ¦    .0   7.8   7.0   4.7   4.1  12.2 
1L0C       ¦                A           V     A 
  No. Pred ¦    .0  92.0  66.3  26.9  21.4 206.6 
-----------+------------------------------------- 
  No. Chsn ¦    .0  24.0  25.0  10.0   8.0  67.0 
  SD. Chsn ¦    .0   4.1   4.9   3.8   2.7   7.9 
2+L0C      ¦         *A     V    *V     V 
  No. Pred ¦    .0  17.9  25.7  15.4   8.1  67.1 
-----------+------------------------------------- 
  No. Chsn ¦    .0 131.0 163.0 110.0  51.0 455.0 
  SD. Chsn ¦    .0   9.5  10.5   8.1   5.6  17.2 
1L1C       ¦          V     V     A     A     V 
  No. Pred ¦    .0 131.6 164.2 109.3  50.5 455.6 
-----------+------------------------------------- 
  No. Chsn ¦    .0 149.0 268.0 112.0  40.0 569.0 
  SD. Chsn ¦    .0   8.9  11.8   8.0   4.8  17.5 
2+L1C      ¦          A     V     V     A     A 
  No. Pred ¦    .0 147.3 268.6 113.3  39.2 568.5 
-----------+------------------------------------- 
  No. Chsn ¦    .0  51.0 166.0  60.0   6.0 283.0 
  SD. Chsn ¦    .0   6.4   9.8   6.0   2.7  13.4 
2+L2+C     ¦          V     A     A    *V 
  No. Pred ¦    .0  53.3 162.1  57.1  10.4 283.0 
-----------+------------------------------------- 
  No. Chsn ¦    .0 491.0 727.0 344.0 146.01708.0 
Total      ¦ 
  No. Pred ¦    .0 491.0 727.0 344.0 146.01708.0 
------------------------------------------------- 
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Table 25 Validation of Model 36 over household annual income (100,000 
Swedish crown) 
  
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦  81.0  38.0   7.0   1.0    .0    .0 127.0 
  SD. Chsn ¦   7.4   6.0   2.4    .6    .1    .1   9.8 
0L0C       ¦    A     V     A    *A                 V 
  No. Pred ¦  79.3  41.7   5.8    .3    .0    .0 127.1 
-----------+------------------------------------------- 
  No. Chsn ¦ 102.0  82.0  19.0   3.0    .0   1.0 207.0 
  SD. Chsn ¦   8.0   7.9   4.5   1.4    .4    .3  12.2 
1L0C       ¦    A     A     V     A     V  ***A     A 
  No. Pred ¦ 100.6  81.7  21.8   2.3    .1    .1 206.6 
-----------+------------------------------------------- 
  No. Chsn ¦   8.0  24.0  26.0   6.0   2.0   1.0  67.0 
  SD. Chsn ¦   2.5   5.0   4.9   2.2    .8   1.2   7.9 
2+L0C      ¦    A     V     A     A    *A     V 
  No. Pred ¦   6.9  27.4  25.6   4.9    .7   1.4  67.1 
-----------+------------------------------------------- 
  No. Chsn ¦  91.0 212.0 135.0  12.0   2.0   3.0 455.0 
  SD. Chsn ¦   7.9  10.9   9.6   4.4   1.6   1.0  17.2 
1L1C       ¦    V     A     A   **V     V    *A     V 
  No. Pred ¦  97.6 205.6 125.8  22.7   2.9   1.1 455.6 
-----------+------------------------------------------- 
  No. Chsn ¦  27.0 173.0 252.0  85.0  15.0  17.0 569.0 
  SD. Chsn ¦   4.3   9.9  11.5   6.2   3.0   2.8  17.5 
2+L1C      ¦    A     A     V     A    *V     V     A 
  No. Pred ¦  26.1 167.6 259.1  79.4  18.4  18.0 568.5 
-----------+------------------------------------------- 
  No. Chsn ¦  11.0  51.0 118.0  67.0  23.0  13.0 283.0 
  SD. Chsn ¦   2.7   6.6   9.0   5.7   2.9   2.6  13.4 
2+L2+C     ¦    A     V     V     A    *A     V 
  No. Pred ¦   9.5  56.0 118.9  64.4  19.9  14.4 283.0 
-----------+------------------------------------------- 
  No. Chsn ¦ 320.0 580.0 557.0 174.0  42.0  35.01708.0 
Total      ¦ 
  No. Pred ¦ 320.0 580.0 557.0 174.0  42.0  35.01708.0 
------------------------------------------------------- 
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Table 26 Validation of Model 37 over the number of workers in household 
 
------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 212.0 126.0  29.0   2.0    .0    .0 369.0 
  SD. Chsn ¦  10.9  10.4   4.9   1.0    .2    .0  15.9 
0L0C       ¦   *A    *V     A     A                 A 
  No. Pred ¦ 196.2 144.0  25.9   1.1    .0    .0 367.3 
-----------+------------------------------------------- 
  No. Chsn ¦ 127.0 179.0  46.0   2.0    .0    .0 354.0 
  SD. Chsn ¦   9.8  11.4   6.6   1.3    .3    .0  16.5 
1L0C       ¦    A     A     V     A                 V 
  No. Pred ¦ 126.0 178.2  48.1   1.9    .1    .0 354.2 
-----------+------------------------------------------- 
  No. Chsn ¦  17.0  16.0  23.0   3.0    .0    .0  59.0 
  SD. Chsn ¦   4.9   3.5   4.5   1.1    .2    .0   7.6 
2+L0C      ¦   *V     A     A    *A                 V 
  No. Pred ¦  25.6  12.6  21.0   1.2    .0    .0  60.4 
-----------+------------------------------------------- 
  No. Chsn ¦ 265.0 459.0 210.0  14.0   2.0    .0 950.0 
  SD. Chsn ¦  12.4  14.2  13.5   3.9    .9    .0  23.5 
1L1C       ¦    A     A     V     V    *A           A 
  No. Pred ¦ 254.6 446.8 222.0  17.4    .9    .0 941.7 
-----------+------------------------------------------- 
  No. Chsn ¦ 128.0 232.0 844.0  77.0   8.0    .01289.0 
  SD. Chsn ¦   9.2  11.1  20.3   6.8   1.9    .2  25.9 
2+L1C      ¦    V    *V     A     A    *A           V 
  No. Pred ¦ 129.7 254.1 831.6  73.2   5.2    .11293.9 
-----------+------------------------------------------- 
  No. Chsn ¦   6.0 126.0 716.0 195.0  39.0   2.01084.0 
  SD. Chsn ¦   4.5   8.2  18.4   7.0   2.0    .2  21.9 
2+L2+C     ¦ ***V   **A     V     V    *V           V 
  No. Pred ¦  23.0 102.3 719.3 198.2  42.7   1.91087.5 
-----------+------------------------------------------- 
  No. Chsn ¦ 755.01138.01868.0 293.0  49.0   2.04105.0 
Total      ¦ 
  No. Pred ¦ 755.01138.01868.0 293.0  49.0   2.04105.0 
------------------------------------------------------- 
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Table 27 Validation of Model 37 over the number of adults in household 
 
------------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦   6 ¦ Total 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 251.0 112.0   3.0   3.0    .0    .0 369.0 
  SD. Chsn ¦    .0  12.5   9.5   2.1    .9    .1    .0  15.9 
0L0C       ¦          V     A     V   **A                 A 
  No. Pred ¦    .0 255.1 106.6   4.6    .9    .0    .0 367.3 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 232.0 114.0   8.0    .0    .0    .0 354.0 
  SD. Chsn ¦    .0  12.7  10.2   2.5   1.1    .2    .0  16.5 
1L0C       ¦          A     V     A    *V                 V 
  No. Pred ¦    .0 226.4 119.7   6.6   1.4    .0    .0 354.2 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0  54.0   4.0   1.0    .0    .0  59.0 
  SD. Chsn ¦    .0    .0   7.3   1.9    .9    .2    .0   7.6 
2+L0C      ¦                V     A     A                 V 
  No. Pred ¦    .0    .0  55.8   3.7    .9    .0    .0  60.4 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 439.0 474.0  35.0   2.0    .0    .0 950.0 
  SD. Chsn ¦    .0  13.3  18.1   6.5   2.3    .4    .1  23.5 
1L1C       ¦          V    *A   **V    *V     V           A 
  No. Pred ¦    .0 440.5 442.5  52.5   6.1    .1    .0 941.7 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .01077.0 176.0  35.0   1.0    .01289.0 
  SD. Chsn ¦    .0    .0  23.5  10.1   4.1    .9    .2  25.9 
2+L1C      ¦                V     A   **A                 V 
  No. Pred ¦    .0    .01097.8 170.2  24.9   1.0    .11293.9 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0    .0 678.0 304.0  93.0   8.0   1.01084.0 
  SD. Chsn ¦    .0    .0  19.1   9.9   4.2    .9    .2  21.9 
2+L2+C     ¦                V    *A    *V     A           V 
  No. Pred ¦    .0    .0 686.5 292.5  99.8   7.8    .91087.5 
-----------+------------------------------------------------- 
  No. Chsn ¦    .0 922.02509.0 530.0 134.0   9.0   1.04105.0 
Total      ¦ 
  No. Pred ¦    .0 922.02509.0 530.0 134.0   9.0   1.04105.0 
------------------------------------------------------------- 
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Table 28 Validation of Model 37 over the number of children in household 
  
------------------------------------------------------- 
Choice     ¦    0 ¦   1 ¦   2 ¦   3 ¦   4 ¦   5 ¦ Total 
-----------+------------------------------------------- 
  No. Chsn ¦ 335.0  17.0  12.0   3.0   1.0   1.0 369.0 
  SD. Chsn ¦  14.9   4.1   3.3   1.4    .4    .5  15.9 
0L0C       ¦    A    *V     V     A   **A    *A     A 
  No. Pred ¦ 329.9  21.6  12.8   2.3    .2    .5 367.3 
-----------+------------------------------------------- 
  No. Chsn ¦ 303.0  31.0  17.0   3.0    .0    .0 354.0 
  SD. Chsn ¦  15.1   4.9   4.1   1.9    .6    .5  16.5 
1L0C       ¦    A     A     V     V     V     V     V 
  No. Pred ¦ 298.1  30.6  20.3   4.4    .3    .5 354.2 
-----------+------------------------------------------- 
  No. Chsn ¦  40.0  11.0   6.0   2.0    .0    .0  59.0 
  SD. Chsn ¦   6.9   2.3   2.0   1.0    .3    .0   7.6 
2+L0C      ¦   *V   **A    *A     A     V           V 
  No. Pred ¦  50.0   5.2   3.9   1.1    .1    .0  60.4 
-----------+------------------------------------------- 
  No. Chsn ¦ 747.0  96.0  86.0  16.0   5.0    .0 950.0 
  SD. Chsn ¦  20.1   7.9   8.1   4.3   1.6    .2  23.5 
1L1C       ¦    A     A    *V    *V     A           A 
  No. Pred ¦ 726.9  93.2  94.2  23.8   3.4    .1 941.7 
-----------+------------------------------------------- 
  No. Chsn ¦ 666.0 243.0 280.0  88.0  12.0    .01289.0 
  SD. Chsn ¦  19.1  11.0  11.8   6.4   2.5    .0  25.9 
2+L1C      ¦    V     A     V    *A     A           V 
  No. Pred ¦ 685.0 237.3 280.9  79.1  11.6    .01293.9 
-----------+------------------------------------------- 
  No. Chsn ¦ 463.0 247.0 278.0  84.0  12.0    .01084.0 
  SD. Chsn ¦  14.8  10.0  10.9   6.0   2.4    .0  21.9 
2+L2+C     ¦    V    *V    *A     V     V           V 
  No. Pred ¦ 463.9 257.0 266.9  85.3  14.3    .01087.5 
-----------+------------------------------------------- 
  No. Chsn ¦2554.0 645.0 679.0 196.0  30.0   1.04105.0 
Total      ¦ 
  No. Pred ¦2554.0 645.0 679.0 196.0  30.0   1.04105.0 
------------------------------------------------------- 
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Table 29 Validation of Model 37 over the age of household head 
 
------------------------------------------------- 
Choice     ¦      ¦<35  ¦35-49¦50-64¦>65  ¦ Total 
-----------+------------------------------------- 
  No. Chsn ¦    .0  60.0  49.0  81.0 179.0 369.0 
  SD. Chsn ¦    .0   8.0   6.4   7.3   9.6  15.9 
0L0C       ¦        **V     V     A   **A     A 
  No. Pred ¦    .0  82.2  52.0  75.6 157.5 367.3 
-----------+------------------------------------- 
  No. Chsn ¦    .0 132.0  80.0  56.0  86.0 354.0 
  SD. Chsn ¦    .0   9.8   7.7   6.9   8.3  16.5 
1L0C       ¦          V     A     V     A     V 
  No. Pred ¦    .0 134.4  78.8  57.9  83.2 354.2 
-----------+------------------------------------- 
  No. Chsn ¦    .0  31.0  12.0   6.0  10.0  59.0 
  SD. Chsn ¦    .0   3.2   2.9   4.0   4.7   7.6 
2+L0C      ¦       ***A    *A   **V   **V     V 
  No. Pred ¦    .0  10.8   8.9  16.6  24.1  60.4 
-----------+------------------------------------- 
  No. Chsn ¦    .0 245.0 246.0 234.0 225.0 950.0 
  SD. Chsn ¦    .0  11.3  12.3  11.8  11.6  23.5 
1L1C       ¦          A     V     A           A 
  No. Pred ¦    .0 236.7 255.2 224.8 225.0 941.7 
-----------+------------------------------------- 
  No. Chsn ¦    .0 355.0 477.0 319.0 138.01289.0 
  SD. Chsn ¦    .0  12.7  16.0  13.0   9.2  25.9 
2+L1C      ¦         *V     V    *A     A     V 
  No. Pred ¦    .0 375.9 485.6 303.1 129.31293.9 
-----------+------------------------------------- 
  No. Chsn ¦    .0 208.0 596.0 264.0  16.01084.0 
  SD. Chsn ¦    .0  10.4  14.9  11.1   5.2  21.9 
2+L2+C     ¦         *A    *A    *V  ***V     V 
  No. Pred ¦    .0 191.0 579.6 282.0  34.91087.5 
-----------+------------------------------------- 
  No. Chsn ¦    .01031.01460.0 960.0 654.04105.0 
Total      ¦ 
  No. Pred ¦    .01031.01460.0 960.0 654.04105.0 
------------------------------------------------- 
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Table 30 Validation of Model 37 over household annual income (100,000 
Swedish crown) 
  
------------------------------------------------------- 
Choice     ¦  0-1 ¦ 1-2 ¦ 2-3 ¦ 3-4 ¦ 4-5 ¦  >5 ¦ Total 
-----------+------------------------------------------- 
No. Chsn   ¦ 202.0 146.0  19.0   1.0    .0   1.0 369.0 
  SD. Chsn ¦  10.5  11.0   4.3   1.4    .5    .2  15.9 
0L0C       ¦   *A     V     V     V     V  ***A     A 
  No. Pred ¦ 190.8 154.7  19.4   2.1    .2    .0 367.3 
-----------+------------------------------------------- 
  No. Chsn ¦ 137.0 185.0  28.0   2.0   1.0   1.0 354.0 
  SD. Chsn ¦  10.1  11.7   5.5   2.1    .7    .4  16.5 
1L0C       ¦    V    *A     V    *V     A   **A     V 
  No. Pred ¦ 145.8 170.8  32.5   4.4    .6    .2 354.2 
-----------+------------------------------------------- 
  No. Chsn ¦  11.0  24.0  20.0   3.0    .0   1.0  59.0 
  SD. Chsn ¦   2.6   5.3   4.1   2.0    .9    .5   7.6 
2+L0C      ¦   *A    *V     A     V     V    *A     V 
  No. Pred ¦   7.4  30.0  17.6   4.3    .8    .3  60.4 
-----------+------------------------------------------- 
  No. Chsn ¦ 175.0 553.0 182.0  35.0   3.0   2.0 950.0 
  SD. Chsn ¦  10.4  16.5  11.8   5.2   1.8    .8  23.5 
1L1C       ¦   *V    *A     A     A    *V    *V     A 
  No. Pred ¦ 186.6 534.3 178.3  33.9   5.0   3.5 941.7 
-----------+------------------------------------------- 
  No. Chsn ¦  42.0 389.0 598.0 193.0  45.0  22.01289.0 
  SD. Chsn ¦   5.1  14.9  17.0  10.0   4.9   3.1  25.9 
2+L1C      ¦    A     V     A     A     V    *A     V 
  No. Pred ¦  38.1 402.1 597.1 192.8  45.3  18.51293.9 
-----------+------------------------------------------- 
  No. Chsn ¦   6.0 178.0 480.0 281.0  91.0  48.01084.0 
  SD. Chsn ¦   2.0  10.8  15.2   9.7   4.9   3.1  21.9 
2+L2+C     ¦    A     V     V     A     A    *V     V 
  No. Pred ¦   4.3 183.1 482.1 277.4  88.1  52.61087.5 
-----------+------------------------------------------- 
  No. Chsn ¦ 573.01475.01327.0 515.0 140.0  75.04105.0 
Total      ¦ 
  No. Pred ¦ 573.01475.01327.0 515.0 140.0  75.04105.0 
------------------------------------------------------- 
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