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Abstract 

The travel demand forecasting capability is affected by the model 

performance and is restricted by the available modes. The Sampers models 

being used in long distance travel demand forecasting doesn’t deal with 

nonlinearity and contains no travel service qualitative variables. The RP models 

can’t forecast the travel demand of the hypothetical mode of the high speed rail. 

Meanwhile, the value of time which is an important indicator in cost-benefits 

evaluation needs to be estimated in more specific way. Functional form 

improving method of Box-Cox transformation is proved to be efficient in dealing 

with nonlinearity and so does the piecewise function is effective in using 

discrete variables. Variable related travel service quality is proved to be a 

significant estimate in enriching model specification. The value of time is 

re-evaluated by taking into account its distribution. The mean values are 

sensitive to the model specified and the extent of self-selection has been 

analyzed by comparing the value of different current mode users with different 

alternatives Based on the stated choice survey about the high speed rail, the 

preference and sensitivity is revealed by binary Logit model estimation. The 

minor difference between X2000 and high speed rail and self-selection effect 

imply the little attractiveness of high speed rail for both train users and air users.  

Method 

We estimate the mode choice with binary Logit models on theory of utility 

maximization. The models include individual-specific random parameters for 

the panel stated Choice data. All the models are estimated by Biogeme 

(Bierlaire's Optimization Toolbox for GEV Model Estimation).  
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Summary 

The study carries three main goals. The first aim is to develop strategies 

and methods in improving model performance. Secondly, the values of time of 

different mode users with different alternatives are estimated by taking its 

distribution into account and the absence of self-selection effect is discussed. 

The last but not the least mission is to forecast the preference to the newly 

introduced high speed rail and to detect the different sensitivity among X2000, 

high speed rail and air. Using Stated Choice in mode choice modeling is the 

main method in this paper. There are three main SC data sets we estimated 

and applied in three chapters respectively. Before introducing models on the 

HSR in chapter 4, chapter 2 and chapter 3 focus on the refining the existing 

mode choice models and corresponding measurement of value of time.  

In the model specification improvement, the most important strategy of 

Box-Cox transformation is proved to significantly improve the model quality. 

The results are the same with other former empirical studies, Box-Cox 

transformed travel cost, travel time and travel frequency are the key variables. 

There are cases that the Box-Cox transformation fails. The small scale test 

supports the idea of non-linearity formulation so the Box-Cox is also tested with 

the new HSR SC data in chapter 4. Other model improving strategies are also 

discussed in chapter 2. Need for segmentation by trip purpose is confirmed by 

comparing the results with and without segment. So the different elasticity is 

identified for different group and the strategy is kept in later estimations. 

Meanwhile, enriching the specification of the utility function is also tried in the 

study with service related variables which are usually neglected. This SC 

survey does capture passengers’ response to different level of service level on 

board and it is found that the dummies of service on aboard is statistically 

important in the mode choice mode after combined with travel time segments.   

In chapter 3, a different method taking its distribution into consideration in 

valuating VOT (value of time) is conducted. The formulation of log VOT 

includes observed heterogeneity of different trip characteristics and individual 

attributes as well as a person-specific random variable. The distribution of VOT 

is determined by the distribution of person-specific term. Because it is assumed 

to be independent of other affecting attributes and quadrants, so the final 

distribution will move according to other observed heterogeneity. The mean 

VOTs are estimated by different modes users of different alternatives.. The 



 

 

self-selection issue is confirmed by comparing the mean VOTs.. The value 

drawn in this way would be used in later study as constraint.  

With the workable refining model strategies and referring VOTs, response 

of the new mode is estimated based on a new SC data set in chapter 4. The 

survey is conducted on the routes between Stockholm and Malmö as well as 

Stockholm and Gothenburg. So the mode choice is made between binary 

alternatives of X2000, air and the HSR in the long distance trip. The sensitivities 

to travel cost and travel time and the preferences to different alternatives are 

reveled. The estimations are conducted by different markets, different 

experiments and different purposes. About the value of time, air passengers 

are higher than train passengers and business passengers are higher than 

private passengers. Together with other explanatory variables, the statistical 

results imply the fact that the different sensitivities and preferences would be a 

problem in introducing the HSR in the competing market with X2000 and air.  

 

  



 

 

Introduction 

The HSR (high speed rail) has long been held as a clean and economic 

solution in the medium distance travel market. Its high speed and large capacity 

is based on a big amount of investment for separate track and new-tech vehicle. 

In Sweden, a HSR network connecting Stockholm with Gothenburg and Malmö 

has been proposed. There are already intercity trains, X2000 and air flights 

available for these city pairs. Travel demand forecasts can provide more 

accurate information about the new transport market.  

The SAMPERS system which is implemented in a Windows program is 

used in Swedish travel demand forecasting. The models were based on 

complex RP data and covered a wide variety of trip lengths. It is estimated 

using linear specifications of the utility functions which may base on unrealistic 

assumptions. Box-Cox transformation is examined as a method to eliminate 

this drawback and to reach for more reasonable variables and statistically 

better results in many empirical studies. So an empirical study will be 

conducted to detect the possibility and capability of Box-Cox on a set of SC 

data. Besides the functional form improvement, reasonable explanatory 

variables are also believed to improve the model. The SC data set contains a 

variable of service level on board, so possible service variable will also be 

tested to explore its latent factor in mode choice.  

The VOT (value of time) estimated in SAMPERS is conventionally derived 

from the trade-off ratio between the time coefficient and the cost coefficient in 

the discrete choice model. The simple derivation may bring problems with its 

assumption of the distributions of cost coefficient or time coefficient. Moreover, 

the difference of VOT between different modes is obvious and the cause of the 

difference is hard to detect by the traditional RP approach. As an essential 

indicator in cost benefit evaluations of transport project, the VOT will be 

re-evaluated by taking into account its distribution and the extent of 

self-selection will be analyzed in this study. Data from SC experiments would be 

useful for this in providing tradeoffs with wider attribute ranges.  

Another merit with SC data is its ability in forecasting a hypothetical 

alternative. SAMPERS deals with the existing travel market where the 

hypothetical HSR excluded because that RP (revealed preference) data only 

collected information of car, bus, train (IC or X2000 trains) and air. In order to 



 

 

capture the sensitivity to cost and time for long distance travel market and 

explore the potential preferential feature to the HST, a newly conducted SC 

survey will be analyzed.  

  



 

 

Literature review 

1.1 High Speed Rail 

The fast development of High-speed rail (HSR) provides an innovative 

mode for travelers. HSR regularly operates at or above 250km/h on new tracks, 

or 200km/h on existing tracks (International Union of Railways). The X 2000 in 

Sweden runs on existing tracks with maximum allowed speed of 200km/h 

which is much lower than the typical HSR. The HSR progresses very fast both 

in Europe and in Asia. The Shinkansen in Japan ranks the world’ busiest HSR 

line and the HSR network in China transcend all other part of the world for its 

mass demand. Compared with other modes, the new-tech designed HSR 

provides higher comfort service for larger capacity with more efficient energy 

consumption and lower damage to the environment, etc. Some regard it as a 

complement to air service (Gaudry, 1998) and some take the view that HSR 

competes with other modes like in the Madrid–Barcelona corridor (Roman, et 

al., 2007). However, only under an optimum operation, the advantages of HSR 

can help building a more competitive public transport system to realize the 

sustainable development.  

In Sweden, the rail administration Banverket has started planning HSR 

many years ago but no plan has been decided on yet. The reason is that the 

costs are estimated about 125 billion SEK but the travel market response is not 

sure. So the high cost and proper management of HSR requires a more precise 

and confident demand forecast to answer the question how the new alternative 

will affect the mode choice share. Since the predictive capability of RP-based 

models is constrained to the absence of new alternatives a new SC survey is 

conducted and provides preference information between air and HSR. 

However, the survey ran into some obstacle due to the discontentedness 

from the passenger and the survey is stopped. It is fortunately that we can still 

conduct a pilot estimation on the base of the limited data. SJ and Banverket 

identified a number of problems caused by extreme weather, wagons and 

locomotives that cannot tolerate ice formation, and even unusually high number 

of moose crash.  

Establishing HSR may bring no improvement to the existing rail system 

and the new efficient system may also run into massive delay. No matter how 



 

 

high the speed is, it is useless to invest in a delayed train. Still, under normal 

operating conditions HSR will prevail over other traditional trains in terms of 

service quality, capacity and short access time. The travel demand model can 

also be extended to predict the outcomes under different scenarios regarding 

punctuality.  

1.2 Travel Demand Modeling  

The modeling of mode choice, the third step in the conventional four-step 

transportation demand forecasting (trip generation; trip attraction; mode split; 

route distribution), is the main issue in my study. The of transport mode choice 

model is probably one of the most important models in transport planning. This 

is because of the key role played by public transport in policy making (Ortuzar, 

et al., 1994). 

When a traveler starts any trip, a certain mode or a certain combination of 

modes will be chosen among others and this kind of behavioral model is 

defined as discrete choice models. Early argument on the usage of aggregate 

or disaggregate demand models overwhelmingly support the more reliable 

results of individual behavior from disaggregate transport models (Hartley, et 

al., 1980). An individual usually has several modes such as car, air, normal train 

and HSR in terms of medium distance trip and they constitute a discrete choice 

set. A rational individual will choose an alternative to maximize his or her utility. 

Utility is an economic term for measurement of the relative satisfaction from the 

consumption of goods and it consists of two parts: utility of alternative j  of 

individual n captured by researcher njV  and factors that affect the unobserved 

utility njε . The error term njε  simplifies the random utility model by incorporating 

the unobserved variables without full specification. njV includes variables 

related to the choice alternatives and variables related to the choice making 

individuals. Variables related to the alternatives can be travel time and travel 

cost, etc. and the individual variables include income and occupation, etc. If 

assumed the linear relation in the utility, β s is the parameters and njx  is a 

vector of observed variables relating to alternative j  of individual n .  

nj nj nj nj njU V xε α β ε= + = + +
  (1.1) 

Based on the utility maximization hypothesis, the probability that an 

individual will select mode m can be given by a simple multinomial Logit choice 

model (Ben-Akiva, et al., 1985). The Logit model is based on the Gumbel 



 

 

Distribution of njε  which is also assumed to be independently and identically 

distributed.  

Pr ( , ) Pr ( , )ni ni ni nj nj nj ni ni njP ob V V j i ob V V j iε ε ε ε= + > + ∀ ≠ = < + − ∀ ≠
  (1.2) 

If let niε  is considered given, then njε is evaluated at ni ni njV Vε + −  

( )V Vni ni nje
ni ni

j i

P e
ε

ε
− + −−

≠

= ∏
  (1.3) 

Since njε  and niε  are independent, so the choice probability becomes the 

integral of ni niP ε
over all values of niε  weighted by its density 

( )

( )
V V nini ni nj

nie e
ni ni

j i
P e e e d

εε ε ε
−− + − −− −

≠
= ∏∫

  (1.4) 

The integral result in the closed form probability expression is shown below. 

The derivation can refer to (Train, 2009) 

ni

nj

x
ni

ni x
nj

j C j C

V e
P

V e

β

β

∈ ∈

= =
∑ ∑

  (1.5) 

Depending on the assumptions made for the distribution of the random error 

term, different models can be derived (Ortuzar, et al., 1994). The commonly 

used Multinomial Logit models are based on extreme value distribution and 

follow a strict assumption that all the disturbance terms are independent and 

identically distributed (Train, 2009). The IIA assumption makes the Logit model 

very convenient but also inappropriate in some situations. “It cannot represent 

random taste variation, exhibits restrictive substitution patterns due to IIA 

property and cannot be used with panel data when observed factors are 

correlated over time for each decision maker.” (Train, 2009) To compensate the 

shortcomings, other models are introduced.  

Generalized extreme-value (GEV) models are also based on 

extreme-value distributions as Logit, but it allows correlation which is added as 

Logsum in the utility function in unobserved factors over alternatives. It has 

flexible correlations in forms of different nests such as nested Logit, cross 

nested Logit and paired combinatorial Logit. But GEV fails to capture the two 



 

 

other restrictions while the probit model, which is derived assuming multivariate 

Normal distributed random errors, can. The fact that the unobserved factors are 

assumed to be jointly normal over time and over alternatives in Probit also 

makes it contradict the real case in some situations and its non-close-form 

probabilities must be approximated numerically. Like Probit, also requiring 

simulation, Mixed Logit became known late, but it also tackles taste variation 

and other constrains in MNL. This is done by allowing the introduction of 

random coefficients in the specification of the indirect utility (Train, 2009).Mixed 

Logit is preferable in the SC estimation with its dual characteristics of modeling 

correlation and heteroscedasticity (Munizaga, et al., 2001). A Mixed Logit is 

also chosen when focusing on whether taste variation could be detected in 

travel times with SC optimal design (Alejandro T, et al., 2006). 

1.3 The Sampers Models 

Domestic Long Distance trips that longer than 100 km are modeled. The 

system contains two-phase approach: The first phase (the standard model) 

concerns the development of a nested disaggregate Logit model with 

frequency, destination and mode choice, using the same model structure as in 

earlier studies. In the second phase (the extended model), additional choices of 

departure/arrival time and ticket type from a separate SP study were added in. 

The models are implemented in a Windows program, called the Sampers 

system. In this system, probabilities for choosing the different alternatives in the 

model are calculated using data on transportation supply and data on 

destination zones. 

Although the Sampers system covers a wide variety of trip lengths, it is 

estimated using linear specifications of the utility functions. Linearity in 

variables makes the model incapable to detect when asymmetric behavior 

happens. The Sampers system is also challenged by increasing comfort factors 

which is not automatically dealt with in the system. The commonly used 

variables focus on quantitative factors such as speed and user fees and 

undervalue qualitative factors such as convenience and comfort. These service 

variables are neglected or treated as latent variables. So besides expanding 

the ability to predict new alternatives, some work needs to be done to improve 

the model specification. 



 

 

1.4 Box- Cox Transformation 

The simple linear model as introduced in the previous section is built on 

some assumptions. (Gaudry, 1992)   

 

Figure 1.1 (Benedikt, et al., 1997) 

i. Linearity in variables 

ii. The exclusion of characteristics of other alternatives j C∈  from the 

representative utility of the alternative i ( ,i C i j∈ ≠ ) 

iii. Equal “abstract” or “generic” coefficients for the network characteristics, 

a constraint that is not necessary but is frequently imposed. 

Benedikt, et al (Benedikt, et al., 1997) discussed the unrealistic properties 

from the assumption in the classical linear models.  

i. Response in choice probabilities curve to change in service 

characteristics becomes symmetric with respect to its inflection point (figure 

1.1)  

ii. The difference in coefficients for the variables which are common to all 

alternative can only be arbitrarily identified.  

iii. If observed the utilities approaching to 0 in figure 1.1, linear Logit 

cannot model thick tale when flaw exists so the probabilities go to zero or 

one. 

iv. Equal cross elasticity of demand  

v. The exclusion of complementarities among alternatives 



 

 

vi. That only difference between alternatives matters implies that 

homogenous changes in all alternatives make no difference in probabilities.  

Box-Cox is one particular way of parameter a power transform that has 

useful properties. The linear specification becomes incredible and Box-Cox can 

free this drawback and reach for more reasonable variables and statistically 

better results. The standard Box-Cox transformation X with power parameter 

λ  is 

( )

1
0

ln 0

ki

ki

kin
ki

kin ki

kin ki

X
if

X

X if

λ

λ λ
λ

λ

 − ≠= 
 →

  (1.6) 

The probability function will be rewritten as 

1

1
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k
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X X

j C

e
P

e

λ

λ
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β β
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=

+

+

∈

∑

=
∑

∑
  (1.7) 

The function contains both variables
ni

X  that cannot be transformed and 

the properly transformed ki

kin
X

λ . Dummy or ordinary variables, variables with 

negative value cannot be transformed while the Box-Cox transform on cost, 

time, frequency are proved to significantly improve the model performance.  

1.5 Qualitative Impact On Mode Choice  

Besides refining the model formulation, the model fit can also be increased 

by enriching the contents or specification of the utility function. Benedikt et al 

show that model quality can be improved greatly by enriching the Logit model 

choice model specification by mode attributes, socio economic variables and 

trip purpose characteristics (Mandel, et al., 1997). Past researches mainly work 

with mode attributes and individual attributes. The increasing value of the 

service on board especially for long distance trips, inserts more and more 

influence on the mode choice. They are usually neglected or treated as latent 

variables (Ghani, et al., 2007). In this case in Malaysia, four latent variables of 

safety, comfort, convenience and flexibility are added to enrich the discrete 

choice model and the latent factors are statistically significant 



 

 

Unlike the universal LOS of highway, the criteria or index of the service and 

standard and the levels vary in transit system. The principle of the evaluation 

index selection is that the index should be easy to collect, and reflect more 

information (xiuchun, 2009). Victoria Transport Policy Institute provides a 

Transit Level-of-Service Rating Factors list that includes availability, frequency, 

travel speed, reliability, boarding speed, safety, affordability, integration, 

comfort, accessibility, baggage capacity, universal design, user information, 

responsiveness, attractiveness, amenity and marketing, altogether 17 features 

and each feature includes several indicators (Victoria Transport Policy Institute, 

2007). Kottenhoff also made a list of the rail passenger’s evaluation of prices 

and travel attributes in his potential passenger rail traffic study (Kottenhoff, 

1999). Some factors become more feasible in certain groups. For example, the 

working opportunity such as working table, electricity outlet or internet access is 

likely to be more important for business passengers. On the other hand, 

passengers on recreational trips may value the luggage space and 

entertainment service more.  

With the increasing competition in the market and improving life standard, 

the service factor and the service level of the transport modes is becoming 

more and more important for the providers and they should be used to enrich 

the model. It would be helpful if the service level information is included in SC 

(Stated Choice) data collection to determine the service level which greatly 

affects the mode choice (xiuchun, 2009). It can further guide us to explore how 

the demand will change when the service varies, what service level the high 

speed rail should reach and how differential products can be designed. 

1.6 Value of Time  

VOT (value of time) is an essential indicator in cost benefit evaluations of 

transport project. Under the model of utility maximization, the conventional VOT 

is derived from the trade-off ratio between the time coefficient and the cost 

coefficient in the discrete choice model. The cost coefficient and the time 

coefficient are assumed to be random variables that allow heterogeneity 

among the population such as normal or lognormal distribution. In the Swedish 

VOT study (Algers, et al.), the mixed Logit specification is used to allow 

parameters to vary in the population in the estimation and found that the 

estimated value is very sensitive to how the model is specified. So the value is 

hard to determine if it is sensitive to the assumption of the distributions of the 



 

 

cost coefficient or the time coefficient. The lognormal distribution is also hard to 

apply when the sign is negative.  

Meanwhile, the difference of VOT between different modes is obvious. The 

VOT depends on individual characteristics and on mode characteristics. Take 

example for car and bus, the VOT of car users is usually higher than of bus 

users. It may be due to the mode characteristics such as reliability, comfort and 

travel time, etc. But it may also be due partly to the individual characteristics, 

namely user-type effects, such as income or occupation differences. This 

self-selection is caused by individuals migrating to certain modes which suit 

them most. It is difficult to detect the cause of the difference by the traditional 

approach. Fosgerau (Fosgerau, et al., 2007) suggested a new approach that 

works directly on the VOT distribution. Using this method, the Danish VOT 

study successfully established an instrument to separate the user-type effect 

and mode effect.  

VOT has been found to depend on trip purpose, mode, income and 

distance in cases in Switzerland (Swiss value of travel time savings, 2004) and 

in the UK (Mackie, et al., 2003). In the VOT measurement in Madrid–Barcelona 

(Roman, et al., 2007) corridor, the values for travel time savings are higher for 

the mandatory trips. A higher value for commute trips is also found in the 

sensitivity test of California high-speed rail (Cambridge Systematics, Inc., 

2006). If the VOT of different mode users are compared, car users would have 

higher VOT of different modes. Is the reason for the result that the car users 

carry higher VOT or because individuals with higher VOT choose car? If 

individuals with some social characteristics would prefer certain kind of mode, 

self-selection is involved and brings a biased experiment with non-probability 

sampling. It has been argued the effect of individual-specific perception in 

mode choice should be emphasized and that it is important to decompose the 

self-selection from the VOT evaluation. 

In the summary of VOT in UK, Mackie et al. indicated that self-selection 

may explain why the average VOT on bus is lower (Mackie, et al., 2003). Mabit 

and Fosgerau started to investigate the estimation of VOT in transport sector 

from 2006 and used a Heckman-type selection approach (Controlling for 

sample selection in the estimation of the value of travel time, 2006). Later 

Fosgerau used nonparametric methods to evaluate the willingness to pay 

which was found to vary with income and other individual characteristics 

including time difference that contradicted standard utility theory (Fosgerau, 



 

 

2007). The user type effects and comfort effects are again confirmed as the 

source of the VOT difference (Fosgerau, et al., 2007). Mabit and Fosgerau 

used Mixed Logit to estimated VOT together with Probit to account for the 

possible self-selection using instrumental variables. These instrumental 

variables are controlled user type variables, to separate mode and user-type 

effects, like area, cars ownership, travel group, purpose, trip frequency, 

occupation, and other household information (Self-selection and the value of 

travel time, 2008). However, they failed to capture the difference as 

self-selection still due to lack of ideal instrument which have a large influence 

on selection of mode but is uncorrelated with VOT conditional on mode. 

Recently, Mabit and Fosgerau used a mode dummy that captures the mode 

difference and treated the dummy as the result of individual choice and hence 

endogenous (Mode choice endogeneity in value of travel time estimation, 

2009). 

1.7 Stated Choice Data and Revealed Preference Data  

RP (Revealed preference) and SC (Stated Choice) are commonly used 

data in transport demand modeling. RP data measure the actual choice in 

terms of current market alternatives while SC data present potential or 

hypothetical alternatives like the HSR (High Speed Rail) alternative in our study. 

RP data possesses high reliability and validity but is less robust in long-term 

forecasting. The predictive capability of RP-based model is limited because of 

the absence of new alternatives. SC data can capture more preference-driven 

behavior and more trade-off relations by repeated experiments. E.g. 

willingness to pay for access & egress time, in-vehicle travel time, comfort, 

frequency and punctuality and other service attributes can be valued by 

including cost in SC experiments. However, the hypothetical nature makes it 

less reliable and SC based models may fail without calibration of 

alternative-specific constants (Louviere, et al., 2000).  

The model that is currently used in Sweden for travel demand forecasting 

only deals with the existing modes and HSR is thus not included. In order to 

forecast demand for HSR, the ability of RP based models need to be enhanced. 

So SC surveys are introduced and will later be combined with RP data. The 

process is sometimes called data enrichment and two “data enrichment 

paradigms” are summarized in the book of Stated Choice Methods (Louviere, 

et al., 2000). The Logit scale parameter is important in the data pooling 



 

 

process. Morikawa originally provided a solution by scaling the variance of the 

unobserved random term in SC models (Morikawa, 1989). Two kinds of 

methods are proposed: a manual method using existing MNL software and a 

full information maximum likelihood (FIML) method (Louviere, et al., 2000). A 

FIML method adopts a Nested model with two clusters of alternatives to 

capture the heterogeneity. Hensher and Bradley used an artificial tree of the 

hierarchical Logit form to obtain suitable scaling parameters (A.Hensher, et al., 

1993). Nested Logit is chosen in both the Swiss case (Swiss Value of Travel 

Time, 2006) and Madrid case (Roman, et al., 2007). Train et al used Mixed 

Logit specifications incorporating unobserved correlation and scaling 

differences (Brownstone, et al., 1997).  

SC data is not only useful when forecasting a hypothetical alternative but 

also for tradeoff information because SC experiments can provide wider and 

uncorrelated attribute ranges. So it is applied in the measurement of value of 

time with trade-offs between travel time and travel cost. With the merit of SC 

data, the predictable ability of RP can be improved by data enrichment. 

Morikawa (Morikawa, 1989) originally proposed a data enrichment process 

with the intension of identifying parameters with SC data and after that a 

common data enrichment paradigm became popular. The paradigm holds that 

the SC data are used when they improve certain undesirable characteristics of 

RP data. In this case, the unique estimated parameter in the SC model must 

be re-scaled by the scale parameter before adopted in the forecast. The 

superior capability of SC data in the trade-off estimation is emphasized in a 

different enrichment paradigm by Swait, et al. (1994,) 

If both SC and RP data are available for demand forecast, the common 

variables RPX  in the RP data set and SCX in the SC data set, the unique 

variables Z and W respectively. So the choice mode for alternative i  is 

expressed as below where RP
iα  and 

SC
iα  are the constant, RPβ  and 

SCβ  

are utility parameters and ω and δ  are unique variable coefficients. The 

scale parameters RPλ  and SCλ  are necessary for indentifying the different 

data sources.  
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The scale parameter which is important in the data pooling process and the 

key problem is whether RP RP SC SCλ β λ β= .Stated Choice Methods (Louviere, et 

al., 2000) suggests a simple way to investigate parameter equality-plotting 

parameter vector pairs and proves that minor possibility of equality. In order to 

join the two choice data sources, the scale parameter has to be controlled that 

the common parameters are equal
RP SCβ β=

. The probability function would be 

rewrite as shown in equation 1.10 and 1.11. Since two scale parameters can 

be estimated at the same time so one has to be normalized. If we set 1RPλ ≡ , 

so SCλ  is estimated as relative scale. The log likelihood of the combined data 

is the sum of RP and SC. A common way to pool the two data sets is to create 

a Nested Logit model with two clusters which represent the RP and SC.  
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Hensher (A.Hensher, et al., 1993) compared the models based on RP and 

SC individually with model based on RP+SC. The overall statistical fit of the 

combined data model is significantly better than the two individuals. Different 

levels of scale of parameter from SC are also compared. The strongest mode 

is the base RP model with the scaled new mode specific constant and other 

new modes specific parameter. But it is not always feasible to combine the two 

data sets. If SC data significantly improves the deficiency of RP data estimate, 

or the premise that the parameters for the common attributes are equal is not 

satisfied, the combination would fail. 

  



 

 

Model Specification Improving 

2.1 Introduction of Model Specification Improving 

2.1.1 Demand for Model Specification Improving 

The Classical Logit functional form with a linear specification is applied in 

the existing Sampers model. Mode choice modeling is based on the 

assumption that the utility function has a linear form and an error occurs if the 

assumption is wrong. If one forces a nonlinear variable in the utility function to 

be linear, this will result in an over- or underestimation of the probability related 

to this variable. There is also a lack of service variables in the existing model. 

As the influence of service on board may become more dominant, the 

deficiency may make the model less credible in capturing the preference.  

In order to achieve better estimation, some strategies are going to be 

applied by steps. Segmentation by trip purpose is well acknowledged and 

would be firstly introduced to see its effects. Searching for more reasonable 

service variables can also improve the SC estimation so variables of service 

factors are secondly discussed. The most important strategy is to test 

non-linear functional forms using Box-Cox.  

2.1.2 Data Description 

The SC data is collected on trains between Stockholm and Malmö and 

contains about 931 interviews. The SC design takes the form of two 

experiments.  

In experiment 1, SJ provider and another provider alternate within the two 

alternatives. The attribute of cost difference has three levels: 80 SEK less; 90 

SEK more; 150 SEK more. The attribute of service frequency has three levels: 

3 times a day; 6 times a day; 12 times a day. In experiment 2, interviews were 

still asked to choose between SJ provider and another provider. The attribute of 

cost difference has three levels: 20 SEK less; 90 SEK more; 150 SEK more and 

the original cost is added in and named “newcost1”. The attribute of time 

difference has four levels: 45 min shorter, 10 min shorter, 15 min longer and 30 

min longer. A qualitative variable of levels of service on board is contained in 



 

 

experiment 2. It has three levels: no food service, serving moving food trolley 

and serving bistro. 

Both experiments use a binary choice of choosing a kind of train service. 

The model we apply is binary Logit and allows the individual-specific random 

parameters estimation in the data. All the estimation was performed by 

Biogeme and is based on 500 draws. 

2.2 Segmentation by Trip Purpose 

2.2.1 Importance of Segmentation 

As a starting point, the segmentation by trip purpose is introduced. 

Segmentation has been widely used in transport analysis. Its capability of 

dealing with heterogeneity between segments allows for different slopes 

(coefficients) for different groups. On the other hand, it assumes homogeneity 

within the segments. The basic market segmentation for mode choice 

forecasting is the division into business and private trips. For different trip 

purposes, the influences that the explanatory variables have on the dependent 

variable and the point elasticity would be different. E.g. the business traveler 

may be more sensitive to the time changes while private traveler may be more 

sensitive to the cost changes.  

So we can prove if the common strategy is reasonable and feasible in our 

estimation too. The purpose of going to work and school and other private trips 

constitute private trips and the remaining trips are considered as business trips.  

2.2.2 Model Specifications 

The basic models include available important explanatory variables. For 

experiment 1, the variables of cost difference is added to the original cost and 

named “newcost1”. The constant for the first alternative will help to see whether 

there is man-made error. The mode dummies for SJ provider that are added to 

both alternative and they are marked as “SJ1” and “SJ2”. Each individual will 

have several observations so we will also use random parameters Sigma that 

vary only across individuals and not across observations in our model for the 

panel data. Formula 2.1 shows the basic utility specified for the two alternatives 

and they are the same for private trips and business trips as the basic one. 



 

 

Alt1   ASC * one + BETA1 * newcost1 + BETA2 * service freq + BETA3 * SJ1  

Alt2   BETA1*newcost2 + BETA2*service freq + BETA3*SJ2+ZERO [ SIGMA ]*one  (2.1)                                                              

For experiment 2, the cost difference and the time difference are added to 

the original cost and time respectively and specified as “newcost” and “newtime” 

for both alternatives. Observations will be excluded whose originate cost is 

lower than cost difference or whose originate time is lower than cost difference. 

The service level on board is specified in the utility function as dummies. There 

are three levels of service on board and level of no service supply is used as 

reference level. Dummy ser1 and ser3 indicate serving moving food trolley and 

ser2 and ser4 indicate serving bistro. The social variables of gender, 

occupation and age also play a role in the specification. At the beginning, we 

are not sure which individual specific variable is useful in the service provider 

specific utility. After some initial test, Dummies for individuals are female, 

worker and older than 55 are included in the basic utility function of alternative 1. 

If the sign of the estimate is positive, it means SJ provider is preferable for the 

dummy group and if it is negative then the way around. A constant shows the 

preference for certain train service provider and is given to alternative 2. Each 

individual will have several observations so we will also use random 

parameters Sigma that vary only across individuals and not across 

observations in our model for the panel data. Basic specifications of the two 

alternatives are defined for SJ provider and another provider. The basic 

specification is displayed in formula 2.2 and estimate is not included if it is not 

significant from 0. 

Alt1   BETA1 * newcost1 + BETA2 * newtime1 + BETA3 * ser1 + BETA4 * ser2 + BETA5 * dumoccp + 

BETA6 * dumgen + BETA7 * dumage  

Alt2   ASC * one + BETA1 * newcost2 + BETA2 * newtime2 + BETA3 * ser3 + BETA4 * ser4 + ZERO 

[ SIGMA ] * one                                                                          (2.2)                                                              

 

2.2.3 Estimation Results 

All the estimations are generated at 500 draws. Linear models without 

segmentation on purpose are compared with private trip model and business 

models in table 2.1 and table 2.2. There is obviously a statistical improvement 

in the estimation after separation and better goodness of fit is achieved with 

both private and business trip in both experiments.  



 

 

Experiment 1Experiment 1Experiment 1Experiment 1    No separation (896)No separation (896)No separation (896)No separation (896)    Private(424)Private(424)Private(424)Private(424)    Business(472)Business(472)Business(472)Business(472)    

VariableVariableVariableVariable    Value t-test Value t-test Value t-test 

ConstantConstantConstantConstant    -1.4 -12.75 -0.805 -5.3 -2.04 -12.27 

new new new new costcostcostcost    -0.0128 -27.72 -0.0136 -20.58 -0.0126 -19.19 

service frequencyservice frequencyservice frequencyservice frequency    0.349 35.03 0.296 22.03 0.4 26.76 

SJVLSJVLSJVLSJVL    3.11 25.98 2.48 14.97 3.8 20.84 

SJHLSJHLSJHLSJHL    3.17 23.84 2.39 13.03 3.9 19.62 

SIGMASIGMASIGMASIGMA    -0.923 -16.73 0.738 9.15 1.02 13.13 

Final logFinal logFinal logFinal log----likelihood:likelihood:likelihood:likelihood:    -3376.09 -1524.05 -1740.52 

Adjusted rhoAdjusted rhoAdjusted rhoAdjusted rho----square:square:square:square:    0.41 0.404 0.449 

Table 2.1 Estimates comparison on purpose segmentation for experiment 1 

In first experiment, the sum of final log-likelihood of private trips and 

business trips is -3264.57. Compared with the value -3376.09 of no separation, 

there is significant improvement in the model fit. The sensitivities to cost and 

service frequency are different for private and business trips. Obviously, 

passengers on private trips are more sensitive to travel cost and passengers on 

business trips are more sensitive to service frequency. The two dummies for SJ 

provider are both positive and significant from 0. It implies its fairly great 

advantage in service preference in existing market against another provider. 

Experiment 2Experiment 2Experiment 2Experiment 2    no separation (874)no separation (874)no separation (874)no separation (874)    Private(410)Private(410)Private(410)Private(410)    Business(464)Business(464)Business(464)Business(464)    

NameNameNameName    Value t-test Value t-test Value t-test 

Constant of alt 2Constant of alt 2Constant of alt 2Constant of alt 2    -0.899 -9.12 -0.821 -7.81 -0.565 -8.22 

TTTTotal otal otal otal costcostcostcost    -0.00582 -14.78 -0.00871 -13.91 -0.00383 -7.12 

TTTTotalotalotalotal    timetimetimetime        -0.0251 -29.18 -0.0185 -18.95 -0.0321 -24.57 



 

 

MMMMoving food trolleyoving food trolleyoving food trolleyoving food trolley    0.314 5.39 0.157 2.24 0.472 5.73 

BBBBistroistroistroistro    0.23 2.92 0.499 4.52 

WWWWorkerorkerorkerorker        -0.556 -6.38 -0.506 -4.94 

FFFFemaleemaleemaleemale    0.205 2.87 0.257 2.49 

OOOOlder than 55lder than 55lder than 55lder than 55    0.221 2.9 0.378 3.14 

SIGMASIGMASIGMASIGMA    -0.518 -9.02 0.431 4.69 -0.666 -8.65 

Final logFinal logFinal logFinal log----likelihoodlikelihoodlikelihoodlikelihood    -3393.66 -1545.37 -1756.38 

Adjusted rhoAdjusted rhoAdjusted rhoAdjusted rho----square:square:square:square:    0.256 0.25 0.296 

Table 2.2 Estimates comparison on purpose segmentation for experiment 2 

In experiment 2, the sum of final log-likelihood of private trips and business 

trips is -3301.75. Compared with the value -3393.66 of no separation, there is 

significant improvement in the model fit. If the absolute value is compared, 

some attributes are more sensitive for private trips like total cost and some 

attributes are more sensitive for business trips like total time. The service levels 

also contribute more in business trips. For private trips, serving bistro becomes 

insignificant. Without segment, these differences are not identifiable. Moreover, 

a dummy for business trips is test to be insignificant in the basic estimation. It is 

also found that the individuals having jobs like to choose the other provider 

while individuals who are female or older than 55 like to travel with SJ. The 

constant for alternative, that is another provider, is negative and the t-test 

shows that it is significant from 0. There may be other explanatory variables can 

explain the preference for SJ provider.  

The different values between private and business trips show the 

necessity of separation on purpose. The same coefficient varies between the 

private trip model and the business trip model which means that the 

explanatory variable contributes differently to the dependent variable. There is 

no change in the sign of the coefficient. Some estimates become insignificant 

from 0 in the segment model. If there is no a priori information related to a 

variable, the insignificant variable in segment model has to be dropped. 



 

 

If without the segmentation, the difference in the slope would be neglected 

and the model would be less reliable. The well-acknowledged segmentation on 

purpose is again proved to be necessary in our case and other model 

specification improvement strategies that are introduced later will based on the 

business / private trips division.  

2.3 Enriching Variables of Service 

2.3.1 Analysis of Service Variables  

Previous studies focus on quantitative factors such as speed and user fees, 

and undervalue the influence of qualitative factors of service such as 

convenience and comfort. The discussion of possible service factor in the 

literature study covers different possible qualitative variables but only 

experiment 2 provides us a variable of service level on board. There are there 

service levels on board: no sale/Moving food trolley/ Bistro. It has been proved 

significant in the basic model since food serving may better facilitate the 

journey according to table 2.2. The statistical result based on maximum 

likelihood shows that the dummy of serving bistro is insignificant for private trips. 

A reasonable explanation is that the convenience of a dining facility is affected 

by the distance or time you travel. If the journey is short, there will not be much 

influence whether a Roving food trolley or Bistro Serving exists. But on the 

other hand, the longer the journey, the more demand for higher level of service. 

To testify the assumption, the service on board is combined with total travel 

time and re-estimated.  

After counting the time difference, the total travel time is divided into two 

groups. Any level of service on aboard is minor for trips of total travel time 

shorter than 120 min. So group 1 covers total time from 120 min to 240 min and 

group 2 covers total time above 240 min are created. They are marked as d1 

and d3 for group 1 and d2 and d4 for group 2. For each alternative, each 

service level dummy can be combined with the two time group dummy. For 

example, for alternative1, dummy for service level 2 is multiplied by dummy for 

time group 1 and it becomes a new dummy ser1d1. After running some trial 

estimations, it is found that the service level 2, moving food trolley is necessary 

for both time groups and service level 3, serving bistro is only necessary for 

travel time longer than 240 min. so the final specifications are displayed in table 

2.3.  



 

 

 Alternative Specification 

Private 

SJ 
BETA1 * newcost1 + BETA2 * newtime1 + BETA3 * ser1d1 + BETA5 * ser2d2 + 

BETA6 * dumoccp + BETA7 * dumgen 

Another 
ASC * one + BETA1 * newcost2 + BETA2 * newtime2 + BETA3 * ser3d3 + 

BETA5 * ser4d4 + ZERO [ SIGMA ] * one 

Business 

SJ 
BETA1 * newcost1 + BETA2 * newtime1 + BETA3 * ser1d1 + BETA4 * ser1d2 + 

BETA5 * ser2d2 + BETA8 * dumage 

Another 
BETA1 * newcost2 + BETA2 * newtime2 + BETA3 * ser3d3 + BETA4 * ser3d4 + 

BETA5 * ser4d4 + ZERO [ SIGMA ] * one 

Table 2.3 Model specification on onboard service 

All the estimations are generated at 500 draws and estimation results are 

displayed in and table 2.4. If compared with the former estimations without 

considering the time constraint, the final log-likelihood improves from -1545.37 

to -1537.57 now for private trips and from -1756.38 to -1744.51 for business 

trips. Service level of having bistro on the train becomes important for private 

trips when total time is longer than 240 min.  

Experiment 2Experiment 2Experiment 2Experiment 2    Private(410)Private(410)Private(410)Private(410)    Business(464)Business(464)Business(464)Business(464)    

NameNameNameName    Value t-test Value t-test 

Constant of alt 2Constant of alt 2Constant of alt 2Constant of alt 2    -0.865 -8.13 -0.523 -7.84 

TTTTotal otal otal otal costcostcostcost    -0.00872 -13.75 -0.00389 -7.2 

TTTTotalotalotalotal    timetimetimetime        -0.0199 -18.94 -0.0319 -25.72 

MMMMoving food trolleyoving food trolleyoving food trolleyoving food trolley    

& 120<total time<240 & 120<total time<240 & 120<total time<240 & 120<total time<240     0.228 3.13 0.326 4.45 

MMMMoving food trolleyoving food trolleyoving food trolleyoving food trolley    

& total time>240& total time>240& total time>240& total time>240    0.327 2.37 

BBBBistro & total time>240istro & total time>240istro & total time>240istro & total time>240    0.542 3.94 0.992 6.76 

WWWWorkerorkerorkerorker        -0.504 -4.89 



 

 

FFFFemaleemaleemaleemale    0.262 2.52 

OOOOlder than 55lder than 55lder than 55lder than 55    0.38 3.12 

SIGMASIGMASIGMASIGMA    0.437 4.79 -0.683 -8.9 

Final logFinal logFinal logFinal log----likelihoodlikelihoodlikelihoodlikelihood    -1537.57 -1744.51 

Adjusted rhoAdjusted rhoAdjusted rhoAdjusted rho----square:square:square:square:    0.253 0.3 

  Table 2.4 Estimates of onboard service 

2.3.2 Test of Other Service Variables 

How does the importance of service factors people perceive relate to their 

choices? A number of service level statements related to the current situation 

were presented to the respondents in the survey). Take the example of a 

general statement “There is good service on board”, travelers are asked to 

choose the level of agreement from “total agree with”, “fairly agree with”, “fairly 

not agree with” to “not agree with”. The evaluation covers different aspect of 

service: the statement “The train goes often” deals with the frequency the 

passengers perceived; the statement “The train is on time” concerned 

punctuality; the statement “There are clean toilets” reveals the cleanness 

people think of; etc.  

To see if this information can be used as service variable, we create a 

dummy variable for each of these factors and it has true value when the answer 

is “total agree with”. If passengers have a positive valuation of the service factor 

then the coefficient of the dummy variable is expected to be positive. Take the 

example for those who agree with that the existing train service is on time, the 

service variable would contribute utility to SJ alternatives in experiment 2.  

The statistic results indicate that most of the service factors are 

insignificant. The final log-likelihood is significantly improved at 95% confidence 

level with 9 more variables introduced but most of them don’t pass the t-test at 

95% confidence level. The dummy variable of “Train goes often” seems to be 

significant but the sign of the value contradicts the assumption. As a result, 

these service factors can only show a roughly statistic distribution of the service 

evaluation of existing train service. The service level of on board (no 



 

 

sale/Roving food trolley/ Bistro) proves significantly to affect mode choice.  

2.4 Nonlinear Functional Form  

2.4.1 Introduction of Box-Cox  

Linearity implies that the market share curve to any change in model 

characteristics is symmetric while nonlinear functions do not. As discussed 

earlier, the linear Logit model not only brings simplicity but also inefficiency 

constraint. Linearity in variables makes the model incapable to detect when 

asymmetric behavior happens. The linear specification becomes incredible and 

Box-Cox can eliminate this drawback and reach for more reasonable variables 

and statistically better results.  

The standard Box-Cox transformation is defined in formula 2.3  
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2.4.2 Box-Cox Model Specification 

To test the hypothesis of the function being non-linear, the data is 

estimated with Box-Cox transformations. Dummy or ordered variables, 

variables with negative value cannot be transformed. According to Gaudry 

(Gaudry, 2008), the Box-Cox transform on cost, time, frequency and 

combination are tested respectively. The cost and service frequency variables 

are chosen to be transformed and other remains the same for experiment 1. In 

experiment 2, the service level on board is not suitable for Box-Cox 

transformation and its non-linearity is coped with piecewise function. The cost 

and time variables are chosen to be transformed one at the time as well as at 

the same time. Because the derivatives of LAMBDA contain logarithmic 

transformation of the chosen variable, both cost time are added 1 incase their 

value is less than or equal to 0. Besides the transformation of chosen variables, 

the specification remains the same for comparison of statistical result.  



 

 

2.4.3 Estimation Results 

All the estimations are generated at 500 draws and estimated results for 

experiment 1 are shown in table 2.7. 

experiment 1    Private trips Business trips 

    Box-Cox cost  Box-Cox 

frequency  

Box-Cox cost  Box-Cox 

frequency  

Variables    Value t-test Value t-test Value t-test Value t-test 

Constant  -0.811 -5.34 -0.125 -0.79 -2.06 -12.34 -1.14 -6.67 

new cost    -0.019 -4.11 -0.0135 -20.27 -0.0278 -3.69 -0.012 -18.51 

service frequency    0.296 22.03 2.24 22.56 0.4 26.76 2.93 26.48 

SJVL 2.49 15.01 1.84 11.14 3.83 20.89 2.87 16.16 

SJHL 2.38 13.02 1.75 9.58 3.91 19.63 2.93 15.29 

LAMBDA    0.943(0.0417) 22.6   0.873(0.0438) 19.96   

SIGMA    0.734 9.08 0.785 9.57 1.02 13.1 1.05 13.23 

Final Log-likelihood    -1523.12 -1490.08 -1736.65 -1727.25 

Adjusted 

rho-square: 0.404 0.418 0.449 0.453 

Table 2.5 Estimates of Box-Cox transformation of experiment 1 

Estimated results for experiment 2 are shown in table 2.6 and 2.7 for 

private trips and business trips respectively. 

Private trip in 

experiment 2 

Basic model    Box-Cox cost     Box-Cox time  Box-Cox cost & time 



 

 

variables    Value t-test Value t-test Value t-test Value t-test 

Constant of alt 2    -0.865 -8.13 -0.877 -8.21 -0.855 -8.03 -0.871 -8.16 

Total cost    -0.00872 -13.75 -0.0376 -2.27 -0.00866 -13.7 -0.0376 -2.26 

Total time -0.0199 -18.94 -0.0201 -19.06 -0.0462 -2.6 -0.0477 -2.64 

Moving food 

trolley 

& 120<total 

time<240 

0.228 3.13 0.217 2.97 0.22 2.95 0.19 2.56 

Bistro & total 

time>240 
0.542 3.94 0.57 4.13 0.412 2.78 0.44 2.97 

Worker -0.504 -4.89 -0.502 -4.86 -0.499 -4.84 -0.499 -4.83 

Female 0.262 2.52 0.264 2.53 0.259 2.49 0.264 2.53 

LAMBDA1      0.75(0.0773) 9.7   0.747(0.0775) 9.64 

LAMBDA2        0.828(0.0789) 10.5 0.825(0.0777) 10.62 

SIGMA    0.437 4.79 0.438 4.79 0.436 4.78 0.437 4.78 

Final 

log-likelihood    
-1537.57 -1532.63 -1532.16 -1530.24 

Adjusted 

rho-square:    
0.253 0.255 0.255 0.256 

Table 2.6 Estimates of Box-Cox transformation of private trip in experiment 2 

Business trip in Basic model    Box-Cox cost     Box-Cox time  Box-Cox cost & time 



 

 

experiment 2 

variables    Value t-test Value t-test Value t-test Value t-test 

Constant of alt 2    -0.523 -7.84 -0.53 -7.91 -0.519 -7.77 -0.525 -7.83 

Total cost    -0.00389 -7.2 -0.128 -1.55 -0.00377 -6.95 -0.139 -1.56 

Total time -0.0319 -25.72 -0.0321 -25.77 -0.0648 -2.87 -0.0704 -2.91 

Moving food trolley 

& 120<total 

time<240 

0.326 4.45 0.328 4.5 0.316 4.3 0.319 4.36 

Moving food trolley 

& total time>240 
0.327 2.37 0.282 2.03 0.197 1.31 0.138 0.91 

Bistro & total 

time>240 
0.992 6.76 1 6.76 0.801 4.66 0.786 4.55 

age > 55    0.38 3.12 0.374 3.05 0.387 3.17 0.382 3.1 

LAMBDA1      0.44(0.113) 3.9   0.422(0.113) 3.75 

LAMBDA2        0.854(0.0716) 11.94 0.839(0.0708) 11.85 

SIGMA    -0.683 -8.9 -0.691 -8.98 -0.686 -8.92 -0.694 -8.99 

Final log-likelihood    -1744.51 -1735.57 -1742.47 -1733.03 

Adjusted 

rho-square:    
0.3 0.303 0.301 0.304 

Table 2.7 Estimates of Box-Cox transformation of business trip in experiment 2 

To illustrate the improvement with the introduction of non-linearity, the 

transformations and summary statistics are shown in table 2.8 and table 2.9 for 

experiment 1 and experiment 2 respectively.  



 

 

Experiment 1    Private    Business    

    
Value ( Std) t-value 

Final 

log-likelihood 
Value ( Std) t-value 

Final 

log-likelihood  

Basic     -1524.05  -1740.52 

Box-Cox of total cost    0.943(0.0417) 22.6 -1523.12 0.873(0.0438) 19.96 -1736.65 

Log-transform of service 

frequency     
-1490.08  -1727.25 

Table 2.10 Transformation variable & summary statistics comparison of experiment 1 

For experiment 1, the cost variable is Box-Cox transformed first. The t-test 

of Box-Cox Lambda for cost is statistically significant from 0. However, the 

lambda for cost in private trip is not significant from 1. So there is no 

improvement in log-likelihood for private trips. The service frequency is also 

tried to be Box-Cox transformed here but it shows the lambda approximates to 

0. A specific form of Box-Cox transformation of log of frequency is adopted and 

the improvement of final log-likelihood is even greater than it from Box-Cox 

transformed of total cost.  

Experiment 2Experiment 2Experiment 2Experiment 2    PrivatePrivatePrivatePrivate    tripstripstripstrips    BusinessBusinessBusinessBusiness    tripstripstripstrips    

    
Value ( Std) t-value 

Final 

log-likelihood  
Value ( Std) t-value 

Final 

log-likelihood  

Basic Basic Basic Basic     
 

-1537.57  -1744.51 

BoxBoxBoxBox----Cox of cost variableCox of cost variableCox of cost variableCox of cost variable    0.75(0.0773) 9.7 -1532.63 0.44(0.113) 3.9 -1735.57 

BoxBoxBoxBox----Cox of time variableCox of time variableCox of time variableCox of time variable    0.828(0.0789) 10.5 -1532.16 0.854(0.0716) 11.94 -1742.47 

BoxBoxBoxBox----Cox of cost & time Cox of cost & time Cox of cost & time Cox of cost & time 

variablevariablevariablevariable    

0.747(0.0775) 9.64 

-1530.24 

0.422(0.113) 3.75 

-1733.03 

0.825(0.0777) 10.62 0.839(0.0708) 11.85 



 

 

Table 2.11 Transformation variable & summary statistics comparison of experiment 2 

Same summary is made for experiment 2 above. Compared with the result 

in the basic model, the final log-likelihood improved respectively for both private 

and business trip. The simultaneously transformation of cost and time variables 

yields even better fit. Lambda1 for cost variable and Lambda2 for time variable 

are statistically significant from 0 and 1. The other signs and values remain 

quite the same.  

2.5 Chapter Conclusion  

The most important issue is to test the efficiency of Box-Cox transforms in 

this chapter. The cost and time variables as well as frequency variable are all 

tested and the successful transformations significantly improve the model 

quality. In experiment 2 where a simultaneous transformation of variables 

produces better forecast ability. The transformed time variable also plays a 

significant role and if different time segments are provided, such as in-vehicle 

time and waiting time, the different effect can be test in more specific way. It is 

also interesting to find out exceptional case during the transformation for 

frequency variable that the lambda approximates to 0. So frequency is log 

transformed. There is one failure case when total cost in private trip in 

experiment 1 is transformed and the lambda is not significant from 1. In all, our 

test on small scale with the SC data supports the idea that the nonlinearity need 

to be reconsidered. In the demand forecast, Box-Cox transform should be 

tested in the mode choice model with the RP data.  

The difference in the slope is identified and the model becomes more 

reliable with the segmentation so according to travel purpose, the estimation is 

divided into private trips and business trips. With the information related to 

travel service in Experiment 2, the on board service level (no sale/Roving food 

trolley/ Bistro) is proven to significantly affect mode choice while the information 

on some other service factors can only be shown as a rough statistic 

distribution of the service evaluation of existing train services. The convenience 

of a dining facility may be affected by the distance or time you travel. If the 

journey is short, there will be no much influence weather a Roving food trolley 

or Bistro Serving exists. But at the other hand, the longer the journey, the more 

demand for higher level of service. The non-linearity cannot be solved by 

Box-Cox transformation but can be tested by piece-wise function. 



 

 

  



 

 

Value of Time Study  

3.1 Value of Time Study in Sweden 

The VOT (Value of Time) has been playing an important role in cost benefit 

evaluations of transport project because its value is decisive for a project 

whether to yield a positive or negative outcome. Early in 1991, a Nordic 

seminar on VOT was held for the need of broader and more consistent theories 

and methods of estimation of VOT. Swedish Value of Time study 1994/95 

(Algers, et al., 1994) launched a comprehensive VOT study and recommended 

few guidelines for VOT evaluation, especially for business trips. The data in our 

case comes from this previous stated choice experiment.  

The trade-off between coefficients of cost and time gives the VOT. The 

cost coefficient and time coefficient are assumed to be random variables that 

allow heterogeneity among the population such as normal or lognormal 

distribution. So VOT is hard to determine if it is sensitive to the assumption of 

the distributions of cost coefficient or time coefficient. The difference of VOT 

between different modes is obvious. Coping with these problems, a new 

approach was suggested by Fosgerau (Fosgerau, et al., 2007) working directly 

on the VOT distribution. 

3.2 Modeling on VOT  

3.2.1 VOT Distribution  

We specify the log VOT as a linear form of covariates representing 

observed heterogeneity and a random part that varies across individuals. In 

such a way, the VOT distribution is easily indentified and it allows for 

reference-dependence.  

exp( )nj nj nj nVOT x z uβ δ= + +    (3.1) 

Where u is a person-specific random variable with mean zero, and u and x are 
independent. Thus u represents unobserved taste heterogeneity among 
individuals and the distribution of u determines the distribution of the VTT 

conditional on x. If njxβ captures the users type effects, the njzδ  is used to 



 

 

capture the mode effect.  

The stated choice set is made of binary choice where the alternatives were 

described by travel time and cost referring to a recent trip which are defined as 

0t and 0c . Under reference-dependent preferences, interviewees choose 

between the binary alternatives where one alternative is slower and cheaper 

(alternative 1) and the other is fast and expensive (alternative 2). The travel 

times and costs of them are defined as 1 1,t c  and 2 2,t c . One of the travel times 

is always equal to 0t and one of the travel cost is always equal to 0c , so four 

types of question are made in the SC experiment. 

Willingness to pay (WTP): 2 0 1 2 0 1,t t t c c c< = > =  

Willingness to accept (WTA): 2 0 1 2 0 1,t t t c c c= < = >  

Equivalent gain (EG): 2 0 1 2 0 1,t t t c c c< = = >  

Equivalent loss (EL): 2 0 1 2 0 1,t t t c c c= < > =  

Based on Borger & Fosgerau (2006), the utility of an alternative is defined as 

0 0( , ) ( ( )) ( ( ))c tU t c V c c V VOT t t= − − + − −    (3.2) 

Alternative 1 which is slower but cheaper is preferred when 1 1 2 2( , ) ( , )U t c U t c> .  

1 2

2 1 1 2

2 1

1 2

0

( ) * ( ) 0

( )

( )

C t

C

t

U U

V c c V VOT t t

V c c
VOT

V t t

− >
− − − >
− >
−

(3.3) 

So individual n choosing alternative 1 in choice set j when nj njv VOT>  

Adding an error term further capture the heterogeneity and the scale parameter 

µ  is used that all other coefficient can be used directly. Using the definition of 

VOT in (1) after log transformation 

1
log nj nj n nj njv x u zβ δ ε

µ
> + + +              (3.4) 

nj
nj

nj

c
v

t

∆
=

∆
                   (3.5) 



 

 

So the slower and cheaper alternative is chosen when the offered price of time 

exceeds VOT, the individual gives up the faster alternative and chooses the 

slower alternative. So the probability that choosing alternative 1  

1
( 1) ( (log ))

1 exp( (log ))nj nj nj nj n nj
nj nj n nj

P y P v x u z
v x u z

ε µ β δ
µ β δ

= = < − − − =
+ − − −

(3.6) 

β  includes trip variables and individuals variables as well as the quadrants 

variables and would be explained in the model specification later. The model is 

estimated using maximum likelihood.  

3.2.2 Mean of VOT  

Now we can calculate the mean VOT with the VOT distribution. As 

assumed in the model, u  is independent of x and the quadrants, so identifying 

u  distribution is equivalent to identifying the VOT distribution. However, the 

there are other latent factors constitutes as an error term affecting VOT, so the 

distribution of ε  is obtained from the β  we add.  

2

( ) exp( ( ))
2nj nE VOT x u

σβ= − + +

 (3.7) 

Using equation 3.7, the mean of value of time of the measured mode can 

be estimated. As shown in figure 3.1, current mode users would process 

different value of time towards different mode. If the value of time of different 

alternative is estimated individually for each current mode users, there would 

be 12 times. In order to simplify the estimation, a relative mean is introduced.  

3.2.3 Relative Mean of VOT  

Considering the self-selection problem, we also adopt the method by 

Fosgerau et al. (Fosgerau, et al., 2007). As in equation 3.1, the mode dummy 

δ  decides which mode it is.  

mod

exp( ( ))( )
exp( )

( ) exp( ( ))

mm
nj nm m

referential e
nj n

x uE VOT
RVOT

E VOT x u

β δ
δ

β
− + +

= = −
− +

  (3.8) 



 

 

For example, the value of time for individuals with car as current mode and 

X2000 as an alternative mode is  

_ 2000_ 2000( ) exp( ( ))
car Xcar X

nj nE VOT x uβ δ= − + +
 (3.9) 

When conditional on x, we can estimate the ratios of the means of the 

conditional VOT distributions. This relative mean of VOT only depends on δ . 

The VOT for individual with current mode is used as reference of the mode 

dummies. For car users, the relative mean of VOT for individuals with car as 

current mode and X2000 as an alternative mode becomes 

_ 2000
_ 2000( )

exp( )
( )

car X
car X

car

E VOT

E VOT
δ= −

 (3.10) 

The relative mean VOT can easily show their difference for the self-selection 

problem. The mean VOT can also be derived by multiplying the ratio and the 

value of time of the referential mode.  

3.3 Data 

There are two experiments in the SC data and altogether 1449 interviews 

are collected from car users and 3200 interviews from public transport users. 

Participants are asked to choose between two alternatives of the same current 

mode they were using in the first experiment. The two alternatives vary by travel 

time and travel cost. The choices are designed relative to a recent actual trip 

the interviewees had made recently. There are 9 choices for every interviewee. 

8 of them are two in each of the four choice quadrants and one is off-reference 

choice (not used here) and there is also one CV question (also not used here). 

According to whether the final SP-election was a WTA or WTP-question, the 

interviewees have to answer what would they most have been willing to pay to 

get it fixed gain of" x "minutes or needed as compensation for accepting the 

loss of time on the 'x' minutes which were presented in your final selection.  

The second experiment is designed in order to detect the self-selection 

effect. Participants were asked to choose between two alternatives of an 

alternative mode. There are 8 binary choices which are also distributed with two 

in each of the four choice quadrants. The reference values are the travel cost 

and time of the alternative mode presented to the participants. If explained by a 



 

 

graph, the structure of this value of time survey can be plotted as below.  

 

Figure 3.1 structure of SC experiment for value of time study 

The SC estimation is based on a binary choice so only the observations 

with choice of alternative 1 or alternative 2 are useful and others are excluded. 

The data was originally collected separately for car users and public transport 

users. Only the trips over 100 km are included for value of time estimation. 

Biogeme is used to perform the estimation and all the results were based on 

500 draws which already stable.  

3.4.1 Model Specification  

The explanatory variables would include the dummies that indicate how 

cost and time attributes in SC choice related to the reference values. The used 

variables are summarized in table 3.1 First of all, log log( / )v c t= ∆ ∆  provides 

the basic information about the VOT. In order to use other variables directly, a 

scale parameter is introduced. Three dummies indicate the question of type 

and only choices belong to EL, WTP or EG are used in the estimation with WTA 

is used as reference. So dummy WTP indicates choice belongs to quadrant 

when 2 0 1 2 0 1,t t t c c c< = > = , others are deduced in the same way. Fosgerau 

(Fosgerau, et al., 2007) recommended including important design variables 

that capture the effect of t∆  on VOT up to a travel time difference we set. A 

log form of t∆ is added. 
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ParameterParameterParameterParameter    Corresponding variableCorresponding variableCorresponding variableCorresponding variable    

P_bidP_bidP_bidP_bid    log form of continuous value of ration between cost difference and time difference, 

log( abs(∆c/∆t) ) 

P_EGP_EGP_EGP_EG    dummy if quadrant is EL using WTA as referential quadrant, EL 

P_ELP_ELP_ELP_EL    dummy if quadrant is EG using WTA as referential quadrant, EG 

P_WTPP_WTPP_WTPP_WTP    dummy if quadrant is WTP using WTA as referential quadrant, WTP 

P_logcP_logcP_logcP_logc    log form of continuous value of referential travel cost, log( c ) 

P_logtP_logtP_logtP_logt    log form of continuous value of difference in alternative travel time, log( ∆t ) 

P_profP_profP_profP_prof    dummy if profession is employer or employee, profdum 

P_purP_purP_purP_pur    dummy if purpose is work commuting trip, purdum 

P_incP_incP_incP_inc    log form of continuous value of income group, log( Wage ) or  log( HHWage ) 

P_carP_carP_carP_car    dummy δ if alternative mode is car, current mode_car 

P_busP_busP_busP_bus    dummy δ if alternative mode is bus, current mode_bus 

P_tagP_tagP_tagP_tag    dummy δ if alternative mode is regional train, current mode_tag 

P_x2000P_x2000P_x2000P_x2000    dummy δ if alternative mode is X2000, current mode_x2000 

SIGMASIGMASIGMASIGMA    standard deviation of random term 

ZEROZEROZEROZERO    individual random term 

ScaleScaleScaleScale    to unify the coefficients 

Table 3.1 descriptive statistics of variable 

The referential travel cost is used since people would evaluate the 

hypothetical trip based on the current trip. So we take log of referential travel 

cost. For the bus and train users, the cost is derived from the period card cost 

for those who process a period card. The travel distance used to be an 



 

 

important factor in the evaluation, but the cost of car trip is derived from the 

distance directly so it is excluded.  

Other potential individual attributes are also considered. The gender 

dummy is introduced at the first step but proves to be insignificant which 

indicates the sex equity in Sweden. The dummy for fixed important time is also 

introduced at the first step but shows no contribution in the estimation. We also 

expect the VOT would change with age, but there is no obvious effect. 

Variables 8 to 11 are believed to have a significant positive effect on VOT. The 

income is designed as wage group in the data and there are personal wage 

groups and household wage groups. They are taken as log form of continuous 

value. Profession dummy for employer or self-employed and working commute 

journey dummy are created to capture other social economic factors.  

There will be three independent value of time estimation by different mode 

users: car, long-distance bus and long-distance train. For each group, 

observations of alternative modes would be differentiated with mode dummies. 

The final models are shown in table 3.2. Except for the quadrant variables, 

other variables would be omitted if not accepted at the 0.05 risk level. So the 

specifications below are slightly different.  

Current 

 mode 

Chosen  

alternative 
Specification 

Car 

Slow 

ZERO [ SIGMA ] * one + P_bid * logv + P_WTP * WTP + P_EG * EG + P_EL * EL 

 + P_logt * logdeltaT + P_prof * profdum + P_inc * income  

+ P_bus * car_bus + P_tag * car_tag + P_x2000 * car_x2000 

Fast $NONE 

Long 

-distance 

Bus 

Slow 

ZERO [ SIGMA ] * one + P_bid * logv + P_WTP * WTP + P_EG * EG + P_EL * EL 

 + P_logt * logdeltaT + P_prof * profdum + P_inc * income  

+ P_car * lvbus_car + P_tag * lvbus_tag + P_x2000 * lvbus_x2000 

Fast $NONE 



 

 

Long 

-distance 

train 

Slow 

ZERO [ SIGMA ] * one + P_bid * logv + P_WTP * WTP + P_EG * EG + P_EL * EL  

+ P_logc * logc + P_logt * logdeltaT + P_prof * profdum + P_pur * purdum + P_inc * income  

+ P_car * lvtag_car + P_tag * lvtag_regtag + P_bus * lvtag_bus 

Fast $NONE 

Table 3.2 Model specification for VOT study 

3.4.2 Estimated Results 

The estimation result is shown in table 3.3 and they all reach quite a good 

model fit. Since a scale parameter is introduced, the value can be interpreting 

without changes. However the sign should be reversed since the slow 

alternative is specified and estimated. The quadrant effect is obviousobvious: 

WTA > EL > EG > WTP. However, in the trail estimation where the estimations 

are carried out separately by different mode user and different alternative, the 

quadrant effect is follows no pattern in estimation when mode user with other 

alternative other than the current mode. As expected, the VOT increases with 

log of cost and so do the VOT increasesincreases with time difference 

increase.  

It is interesting to find out that the VOT of car trip is more significantly 

affected by household wage while VOT of transit trip is more significantly 

affected by personal wage. Whatever the trip is VOT increase with income 

increases. The dummy variable of profession shows that the employees and 

employers has higher VOT than others. The same with working commute trip 

has higher VOT than others.Other mode dummies will be interpreted later after 

taking exponential form. 

 car Long-distance bus Long-distance train 

NameNameNameName    Value t-test Value t-test Value t-test 

P_EGP_EGP_EGP_EG    0.233 3.92 0.125 2.78 0.182 4.03 

P_ELP_ELP_ELP_EL    0.229 3.79 0.112 2.45 0.108 2.32 



 

 

P_WTPP_WTPP_WTPP_WTP    0.337 5.55 0.2 4.36 0.269 5.79 

P_bidP_bidP_bidP_bid    1 fixed 1 fixed 1 fixed 

P_incP_incP_incP_inc    -0.109 -4.89 -0.0933 -2.84 -0.137 -3.97 

P_logcP_logcP_logcP_logc        -0.0772 -3.61 

P_logtP_logtP_logtP_logt    -0.422 -8.3 -0.215 -5.73 -0.305 -7.39 

P_profP_profP_profP_prof    -0.479 -4.5 -0.295 -4 -0.248 -2.73 

P_purP_purP_purP_pur        -0.439 -4.11 

P_carP_carP_carP_car      0.0349 0.34 -0.206 -3.08 

P_busP_busP_busP_bus    -0.308 -4.81   -0.238 -5.41 

P_x2000P_x2000P_x2000P_x2000    -0.137 -2.25 -0.2 -4.59   

P_tagP_tagP_tagP_tag    -0.0706 -0.58 -0.124 -2.24 -0.205 -3.02 

SIGMASIGMASIGMASIGMA    0.97 22.9 -0.649 -24.22 0.796 25 

ZEROZEROZEROZERO    2.19 10.07 1.23 7.83 1.75 9.62 

Scale1Scale1Scale1Scale1    1.59 14.32 2.03 22.85 2.28 21.97 

Number of observations:Number of observations:Number of observations:Number of observations:    7592 9487 7659 

Number of Number of Number of Number of individuals:individuals:individuals:individuals:    561 671 543 

Null logNull logNull logNull log----likelihood:likelihood:likelihood:likelihood:    -5262.37 -6575.89 -5308.81 

Init logInit logInit logInit log----likelihood:likelihood:likelihood:likelihood:    -3921.8 -4292.45 -3837.5 

Final logFinal logFinal logFinal log----likelihood:likelihood:likelihood:likelihood:    -3243.93 -3506.48 -2853.27 

Likelihood ratio test:Likelihood ratio test:Likelihood ratio test:Likelihood ratio test:    4036.89 6138.806 4911.097 

RhoRhoRhoRho----square:square:square:square:    0.384 0.467 0.463 



 

 

Adjusted rhoAdjusted rhoAdjusted rhoAdjusted rho----square:square:square:square:    0.381 0.465 0.46 

Table 3.3 Estimates of value of time of long-distance trips 

3.4.3 Calculations of Mean VOT 

The initial log VOT follows a normal distribution of 
2( , )nN u σ  and after 

introducing heterogeneity in VOT, the log VOT follows 2( , )n nN u xβ σ+  so the 

location will move to the right and the size depends on the individual. The 

mean VOT per hour is calculated by the equation 3.7 and are presented in 

table 3.5 below. Only the referential mode of long-distance train is calculated 

directly and other values is calculated by multiplying the dummies we got in 

table 3.4. 

As we introduced earlier, we can use relative means of VOT to compare 

the difference in VOT directly. The coefficients of the dummies show the value 

of the ratio based on the value of time of referential mode. Table 3.4 below 

shows the relative mean of VOT. The estimated value of dummies needs to be 

taken the exponential form. The results are quite consistent with the expected 

value.  

Distance > 100 kmDistance > 100 kmDistance > 100 kmDistance > 100 km    Alternative modeAlternative modeAlternative modeAlternative mode    

Current modeCurrent modeCurrent modeCurrent mode    Car Bus X2000 Regional 

CarCarCarCar    1 1.36 1.07 1.15 

LongLongLongLong----distance busdistance busdistance busdistance bus    0.97 1 1.13 1.22 

LongLongLongLong----distance traindistance traindistance traindistance train    1.27 1.23 1 1.23 

Table 3.4 Relative mean of value of time of trip distance > 100km 

Distance > 100 kmDistance > 100 kmDistance > 100 kmDistance > 100 km    Alternative modeAlternative modeAlternative modeAlternative mode    

Current modeCurrent modeCurrent modeCurrent mode    Car Bus X2000 Regional 

CarCarCarCar    31.56 42.95 33.87 36.2 



 

 

LongLongLongLong----distance busdistance busdistance busdistance bus    36.04 37.32 45.59 42.25 

LongLongLongLong----distance traindistance traindistance traindistance train    64.23 66.33 52.28 64.18 

Table 3.5 Value of time of trip distance > 100km (Swedish crowns per hour) 

The rows contain different current mode users while the columns contain 

different alternative modes. With the same mode as an alternative mode, 

different current mode users have different value of time. Car users have the 

lowest VOT but long-distance train users have the highest VOT. Usually the 

car users’ VOT is more approximate long distance train users’ VOT. A more 

precautious selection of data is taken to exclude any abnormal observations. 

So if the speed of the trip is less than 20 or more than 140 km per hour. If the 

interview of public transit owns a period card, the cost per trip will be used and 

observations with null cost are excluded. However, there is no big difference in 

the VOT after taking out the abnormal observations.  

Meanwhile, the simplest way of calculating the value of time by taking the ratio 
of the time parameter and cost parameter was also used to testify our result. 

cos *cos *t timeU t timeβ β= +
 (3.11) 

Specifying the alternative with only varying time and cost as in equation 

3.11, the value of time of long-distance train is about 100 and long-distance 

bus is about 70. Both values are larger than the value from the distribution 

approach. The Rho-squire is very low for car estimation and the time 

parameter turns out to be positive. The value of time isn’t trustable.  

Swedish Institute for Transport and Communications Analysis (SIKA) 

once estimated the in-vehicle value of time in 1994. It is derived from equation 

3.11 and the values for private trips are shown in table 3.6. The values in table 

3.6 are also higher than the mean value from the distribution approach and 

more close to the simplest ratio approach.  

    CarCarCarCar    AirAirAirAir    ICICICIC----traintraintraintrain    X2000X2000X2000X2000    Regional Regional Regional Regional 

traintraintraintrain    

LongLongLongLong----distance distance distance distance 

busbusbusbus    

ReReReRegional gional gional gional 

busbusbusbus    

Trips > 50 kmTrips > 50 kmTrips > 50 kmTrips > 50 km    81 88 74 102 70 65 50 



 

 

Table 3.6 In-vehicle time values (Swedish crowns per hour 1994) 

Both the self-selection effect and the mode type effects can also found if 

the VOT of the same row of certain mode user is compared. Car users with car 

as alternative mode process lowest VOT and car users with bus as alternative 

mode process highest VOT. Meanwhile, long-distance train users with X2000 

as alternative mode process lowest VOT and long-distance train users with 

bus as alternative mode process highest VOT. A reason for this pattern would 

be that the car users and train users have higher requirement for comfort in 

long-distance travel and their VOT will increase when the journey is 

uncomfortable. Car users would certainly holds that the car is the most 

comfortable mode while train users like X2000 most. Bus is the less 

comfortable mode for both of them. However, if the VOT of long-distance bus 

users is examined, the pattern reverses. Long-distance bus users with car or 

bus as alternative mode process lower VOT than long-distance bus users with 

X2000 or regional train as alternative mode. The difference might imply that 

the bus users value cost much more than the comfort. The cost of taking a 

train mode will be more expensive than taking bus. 

 

           

 

3.6 Chapter Conclusion 

The import role of value of time in the cost benefit study has been already 

stated earlier. The method of examining the distribution of VOT not only 

contributes a more reliable model but also reveals the influence of user 

self-selection. Car users and X2000 uses have higher value of time than other 

modes users especially in long distance travel.  

 The VOT can be adopted in mode choice model based on RP data. 

Originally, the utility function of an alternative contains parameter for cost and 

time *cos *t timeα β+ . Instead of estimate α  and β  at the same time, we 

only estimate α  since we already have VOT that can be used directly in the 

utility function. The formula will be amended into *(cos * )t v timeα + where 



 

 

/v β α= . The estimated mean value of time can also be used directly as a 

constraint in other studies.  

These mode choice experiments for the long-distance trips involve no air 

mode. The value of time of air passengers may be much higher than other 

modes users. It would be more comprehensive if the VOTs of chosen air and 

non-chosen modes of air passengers are also been evaluated. The data 

contains no formal business trips and the trips go and from work is regarded as 

private trip. There is a dummy that whether the trip is paid by others. The 

estimated positive sign may indicate that a trip paid by other may be a 

business trip. So estimations here do not include value of time for business 

trips specifically and their values are assumed to be much higher than the 

private ones.   

  



 

 

High Speed Train Demand Forecast on 
Stated Choice Data 

4.1 Introduction of the New SC Experiments 

The boom of HSR (High Speed Rail) is re-allocating the transport market 

share, especially in medium-long distance market. In the case of 

Madrid-Barcelona (Roman, et al., 2007), HSR is competing with air with its 

advantages in comfort and convenience. In Sweden, the planned high-speed 

rail lines connecting Stockholm to Gothenburg and Malmö may also run into 

severe competition with air and with X2000. Although it has been supported by 

different actors, such a big project worthy of 125 billion demands a thorough 

travel demand forecast. As we explained earlier, the predictive capability of 

RP-based model is constrained to the absence of the new alternatives. So a 

new SC survey is conducted and provides preference information for the HSR.  

The planned route of the HSR covers the most frequent medium-distance 

travel market in Sweden. There are already air and train and among them, 

X2000 and air are the main competitors with the HSR. So the SC survey is 

conducted among air passengers and train passengers. However, the lasting 

big snow brought high percentage delay. According to National Rail statistics, 

21.1 percent of the trains were more than five minutes late to the terminal. For 

passenger traffic, 16 percent of the trains were late. For freight transport, 42.8 

per cent of the freight trains were late. Worst punctuality had the X2000 trains, 

where 45 percent of the trains were more than five minutes late. Ironically, there 

was originally a hypothetical factor of “risk of delay” in this new survey with the 

purpose of controlling for punctuality. The condition stated in the survey is that 

1 out of 20 trains is at most 5 min late, and the other 19 are on time. This is 

obviously far from the current situation.  

So the survey had to be stopped and at the first stage, it was estimated 

without full data. The results we got can confirm with our expectation to some 

extent. We found out their travel preference in terms of cost and time of different 

mode by the SC experiments without full confidence. So the data collection was 

continued in April but again ran into volcano eruption that it was difficult to get 

rational response from air passengers. Until end of May, the full data is ready. 

The results shown and discussed below are based on the new collected data 



 

 

and they are quite close to the conclusion we got at the first stage.  

4.2 Data Description 

The survey was conducted specifically to current air market and train 

market. In the air market, air passengers made choices in two experiments air 

and X2000 and air and High Speed Rail. Both experiments contain 16 choices 

where travel cost and travel time vary. In the train market, there are three 

experiments X2000 and air, HSR and air and X2000 and HSR. First two 

experiments contain 16 choices and last one contains 11 choices where travel 

cost and travel time vary. There are 4 routes of the air market we look into: 

Bromma - Sturup; Arlanda - Sturup; Bromma - Landvetter; Arlanda - Landvetter. 

There are two routes of X2000 market we look into: Stockholm – Malmö; 

Stockholm – Gothenburg.  

The choices are mixed in the questionnaires and we use variable to 

identify the mode for alternatives. 0 represents X2000, 1 represents HSR and 2 

represent AIR. We have different questionnaire designed for air passengers 

and train passengers. The air passengers of each route are divided into two 

parts so the 16 choices of each experiment are also evenly divided into two 

groups. Then each air passenger is faced with 16 choices and among which, 

there are 8 choices between air and X2000 and 8 choices between air and the 

HSR. Each train passengers of each route are faced with 11 choices between 

X2000 and HSR and 16 choices between air and X2000. The samples from air 

market and train market are displayed in table 4.1 and table 4.2. Observations 

with choices other than the available 2 choices would be excluded.  

In these SC experiments, individuals are asked to make decisions 

between two modes which are illustrated by picturing the interior and exterior 

appearance. There are two attributes: cost difference and in-vehicle travel time 

as shown in table 4.3. The cost attribute has 4 levels while the time attribute has 

3 levels. The cost difference can be positive or negative in air market while it will 

always be positive in train market. The risk of delay is conditioned as 5 of 100 

trains are at least 5 min late and the rest are on time. Everything else remains 

the same as today. Two samples of the questionnaires are shown in the 

appendix. Altogether 1061interviews are collected from air market and 786 

interviews from train market.  



 

 

 

X2000 / HSR    AIR    

in-vehicle time additional cost in-vehicle time additional cost 

Air market    

Stockholm 

to 

Gothenburg 

115 -100 50 -100 

145 150 65 150 

190 300 70 300 

 600  600 

Stockholm 

to 

Malmö 

140 -200 50 -200 

185 50 65 50 

250 400 70 400 

 700  700 

Train market    

Stockholm 

to 

Gothenburg 

115 50 50 50 

145 150 65 150 

190 250 70 250 

 400  400 

Stockholm 

to 

Malmö 

140 50 50 50 

185 150 65 150 

260 450 70 450 

 800  800 

Stockholm 

to 

Gothenburg 

115 50 

Blank 145 75 

190 250 

Attributes 

Levels 



 

 

 300 

Stockholm 

to 

Malmö 

140 50 

185 100 

260 400 

 700 

Table 4.1 Attributes/ levels specification of the survey 

4.3 Pooled Data Estimation  

4.3.1 Model Specification  

The questions are mixed among X2000, the HSR and air. There are still 

binary choices in the data set but the alternative is not specific to certain mode. 

The left hand choice can be X2000, the HSR or air and so does the right hand 

choice. Instead of estimating by different modes, we estimate only by different 

market and different purposes. In order to differentiate the sensitivity to travel 

time by different modes, two dummies are created for HSR and air respectively 

with X2000 as a reference mode. The random parameters Sigma that vary only 

across individuals and not across observations in this model are given to the 

right alternatives. The binary choice mode is specified as formula 4.1 below. 

There is no other mode specific variable or individual specific variable because 

it is meaningless when the utility functions are not mode specified. The private 

and business trips share the same specifications and air market and train 

market share the same specifications as well.  

Left  ASC*one+BETA1*cost1+BETA2*VLtime+BETA3*HSRtime+BETA4*AIRtime 

Right BETA1*cost2+BETA2*HLtime+BETA3*HSRtime+BETA4*AIRtime+ZERO[SIGMA]*one  (4.1) 

Alternative 1 is specified for left hand alternative while alternative 2 is 

specified for right hand alternative. The constant in alternative 1 no long 

represents the mode preference but preference for left hand alternative. There 

are two real variables for both alternatives: in-vehicle travel cost and in-vehicle 

travel time. The cost difference represented in the survey for air market can be 



 

 

negative so the total cost is used here. So the results are comparable with 

Box-Cox method later. Generic time parameters are used here but two more 

dummies are used to represent the difference in time sensitivity. X2000 is used 

as referenced mode and dummy HSRtime is one when the alternative is the 

HSR and the dummy AIRtime is one when the alternative is air.   

4.3.2 Estimation Result 

All the estimations are generated at 500 draws. If compared with the 

individual estimation by different experiments later, the models reach poorer 

model performance with pooled data. However, the sensitivity to time and cost 

as well as the derived value of time can still reveal some characteristics and 

preference of long distance trip with large amount of observation.  

 AIR market Train market 

Variables 
private 3341/236 

Business 

5916/395 private6484/301 

Business 

6983/289 

ASC 0.114 2.4 0.09 2.05 0.105 3.68 0.129 4.92 

β-cost -0.00314 -20.96 -0.00133 -13.07 -0.00421 -28.2 -0.00346 -23.65 

β-time -0.013 -10.56 -0.0169 -16.79 -0.0047 -6.47 -0.0166 -21.67 

HSRtime 0.000797 1.62 0.000989 2.07 0.000175 0.64 0.0018 6.97 

AIRtime -0.00269 -1.35 -0.00584 -3.71 -0.0135 -9.62 -0.0266 -20.23 

SIGMA -0.0986 -0.72 -0.459 -8.4 0.00122 0.17 -0.00185 -0.05 

VOT X2000 4.14 12.71 1.12 4.80 

VOT HSR 3.89 11.96 1.07 4.28 

VOT AIR 5.00 17.10 4.32 12.49 

Final log-likelihood: -1689.02 -2996.12 -3667.79 -4388.58 



 

 

Adjusted 

rho-square: 0.268 0.268 0.184 0.092 

Table 4.2 Estimates of pooled data 

As shown below in table 4.2, constant for left hand choice is statistically 

significant and positive for all four segment estimations. It means that the 

respondents might be restless and choose the first or left alternative in the 

survey. Travel cost and travel cost are the two most significant variables and 

the signs and values are reasonable. The travel time dummy of the high speed 

rail is not significant for private trips and significant for business trips. The 

parameter for HSRtime is positive which might indicating that the respondents 

perceive High Speed Rail a more comfortable or more punctual mode 

compared to X2000. By contrast, air time dummy is negative and significant 

from 0 in all cases. It implies that the respondents are surly more sensitive to 

the travel time by air.  

The value of time of X2000 is derived by the ration between time parameter 

and cost parameter. The value of time of HSR and air, their estimated 

parameters for the time dummies should be added to the generic time 

parameter respectively. In general, the value of time of air respondents is 

higher than the value of train respondents and the value of time of passenger 

on a business trip is higher than the value of passenger on a private trip. The 

values of time are reasonable in all cases and the statistical result will be 

compared with result after Box-Cox transformation. 

4.4 Box-Cox Transformation Based on Pooled data 

4.4.1 Box-Cox Model Specification 

In chapter 2 the one of the non-linear transformation Box-Cox was tested 

in a SC data set. It is proved that the crucial explanatory variables including 

travel time, travel cost and mode frequency contribute to better model fit after 

Box-Cox transformation. So the method is also tested in this new SC survey. In 

order to show the difference, the same specifications used in pooled data 

estimation are adopted. The only difference with the referenced linear models 

is that the chosen variable is estimated in non-linear form and other estimates 



 

 

remain the same. The methodology of the Box-Cox transformation is 

introduced in chapter 1 and an empirical study can be referred to in chapter 2.   

4.4.2 Estimation Result  

The total travel cost is transformed and estimated by different trip purposes 

and different markets. All the estimations are generated at 500 draws and 

shown in table 4.3.  

 AIR market Train market 

Variables 
private 3341/236 

Business 

5916/395 private6484/301 

Business 

6983/289 

ASC 0.114 2.35 0.092 2.11 0.122 4.2 0.139 5.27 

β-cost -0.138 -2.59 -0.0434 -1.41 -0.378 -2.99 -0.244 -2.13 

β-time -0.0157 -12.09 -0.0174 -17.15 -0.00731 -9.51 -0.0181 -22.76 

HSRtime 0.000088 1.72 0.00104 2.18 0.000145 0.52 0.00179 6.91 

AIRtime -0.00655 -3.17 -0.0065 -4.11 -0.0182 -12.28 -0.029 -21.36 

LAMBDA 0.454 7.85 0.532 5.43 0.339 6.69 0.394 6.23 

SIGMA -0.149 -1.2 -0.461 -8.63 0.00134 0.03 -0.00188 -0.05 

Final 

log-likelihood: -1645.41 -2982.96 -3595.55 -4351.66 

Adjusted 

rho-square: 0.286 0.271 0.198 0.099 

Table 4.3 Estimates of Box-Cox transformation of cost 

The t-test of lambda shows that the parameter is significantly different from 

0 as well as from 1. Values of other estimates don’t vary much after the 



 

 

transformation of the cost variable. General speaking, the Box-Cox 

transformation of cost variable does improve the model efficiency if the final 

log-likelihood ratio or the Rho-square is compared within a segment. The 

improvement is displayed more explicitly in table 4.4.  

Segment AIR market Train market 

Final log-likelihood: private Business private Business  

Original -1689.015 -2996.12 -3667.79 -4388.58 

Cost-Box-Cox -1645.41 -2982.96 -3595.55 -4351.66 

Table 4.4 Summary statistics comparison with Box-Cox transformation 

However, there is less variant value of travel time in the survey, especially 

travel time by air as shown in table 4.5 below. If travel time is Box-Cox 

transformed, the result from the trail estimation showed that Lambda is 

significant from 0 but not significant from 1. The final log-likelihood shows no 

improvement. The results from the insufficient data at earlier stage showed that 

there is no prominent improvement in the train market. So the Box-Cox or other 

non-liner transformation is sensitive to the data characteristics.  

Segment 

AIR market Train market 

private Business private Business  

value 0.787 1.48 1.17 1.11 

Standard deviation 0.204 0.177 0.393 0.117 

 Table 4.5 Estimates of Box-Cox transformation of time 

4.5 Individual Estimation by Different Experiment 

4.5.1 Model Specification  

The former estimations are based on pooled data by using dummies to 



 

 

differentiate the travel time sensitivities of different mode which are mixed 

within an alternative. The R-square shows that the model performance is not 

ideal and the value of random parameters of Sigma is also low for the panel 

data. Since the survey was originally designed according to different 

experiments so estimations for different experiments of different group of 

passengers in this chapter is carried out respectively. With the mode specific 

alternative, more possible social explanatories are added this time. Table 4.6 

lists the used variable in the estimation.  

Variables Parameters Definition 

ASC1 Train mode only Constant preference for train mode 

Traincost/Aircost Generic  In-vehicle travel cost  

Traintime Air mode specific  In-vehicle travel time 

Airtime Train mode specific In-vehicle travel time 

Car Air mode specific Dummy if number of car in the household is more than 2 

worker Air mode specific Dummy if occupation is work 

disx2000 Air mode specific Dummy if “nearly every time” or “all the time” dissatisfied by X2000 

ZERO[ SIGMA ] Individual specific Random term for individuals 

Table 4.6 Description of explanatory variables  

A constant is used in the first alternative which shows the preference for 

train mode. The in-vehicle travel cost and in-vehicle travel time are the two 

attributes varying among the choices. The parameter for cost is generic for both 

alternatives with the assumption that money spent on different modes is valued 

the same way. In order to capture the different time sensitivity and different 

values of time of different modes, the parameter for travel time is alternative 

specific. In this way, the difference between high speed rail and X2000 would 

be clearer. 

The survey collects social economic characteristics besides cost and time. 

Income is usually a key factor in RP model but a dummy of those owning more 



 

 

than 2 car in the household is used here instead which is a stronger explanatory. 

The parameter is supposed to be positive since those individuals who have 

more cars in the household might be more well-off spending money on 

travelling. If the respondent is employed, the dummy worker is 1. Other than 

pensioner or students, workers would be more economically independent so 

the parameter is supposed to be positive. There is also a question directly 

asking whether the respondent had unpleasant experience with X2000. A 

dummy variable of who have bad experience with X2000 nearly every time or 

all the time is created. However, the estimates for worker dummy and dixX2000 

dummy are only kept in single cases. The model for experiment between air 

and HSR with private purpose in air market is specified as formula 4.2 below. 

Other specifications for other experiments of segment market are similar.  

 Alt1     ASC1 * one + BETA1 * cost1 + BETA2 * VLTid  

 Alt2     BETA1 * cost2 + BETA3 * HLTid + BETA4 * cardummy + ZERO [ SIGMA ] * one        (4.2) 

There is an exceptional case for the experiment between X2000 and High 

Speed Rail in the train market. Both alternatives are train mode and there are 

choices between the same mode sometimes. So the model specification shown 

in formula 4.3 and it is similar to the pool data estimation model instead. The 

referenced mode is still X2000 and the dummy for travel time if the alternative is 

High Speed Rail is used to differentiate the time sensitivity.  

Left    ASC * one + BETA1 * cost1 + BETA2 * VLtime + BETA3 * HSRtime  

Right  BETA1 * cost2 + BETA2 * HLtime + BETA3 * HSRtime + ZERO [ SIGMA ] * one            

(4.3) 

At the very beginning, more variables were tried whose signs were 

reasonable but not significantly different from 0 at the 95% confidence level. 

They are also displayed below in table 4.7.  

Variables Parameters Definition 

Access time 
Generic/ mode 

specific 
Linear increasing range of connecting distance to the terminal 

Egress time 
Generic/ mode 

specific 
Linear increasing range of connecting distance from the terminal 



 

 

Urgency Air mode specific Linear decreasing important deadline to finish the trip 

Income Air mode specific Linear increasing income group 

Group size Air mode specific  Dummy if the respondent travel in a group 

Economy Air mode specific Dummy if fly ticket is economy 

Age Air mode specific Linear increasing age/ dummy  

Child Air mode specific Linear increasing number of children under age of 18 in the household 

Table 4.7 Description of failed variables  

4.5.2 Estimation Result 

All the estimations are generated at 500 draws and shown in table 4.8, 

table 4.9 and table 4.10. The number of observation and corresponding 

individuals is also summarized in the table. Business trips constitute the 

majority in the air market. The values of Rho-square show most of the 

estimations have reached a very good fit of the model and the sign of the 

parameters are also quite reasonable. The higher value of Sigma is also scored 

with these re-arranged data. However, there are exceptional cases which may 

be caused by the fact that the amount of observation is very small especially for 

train market after segmentation.   

AIR Market AIR VS HSR AIR VS X2000 

Variables private  

1662/236 

business 

2967/394 

private 1679/236 Business 2949/393 

ASC1 0.821 1.09 4.04 8.43 0.762 0 2.87 3.45 

β-cost -0.00562 -11.53 -0.0031 -11.35 -0.0057 -13.67 -0.00429 -12.95 

β-train time -0.03 -9.04 -0.048 -15.41 -0.0256 -7.86 -0.0535 -17.2 

β-air time -0.0474 -3.16 -0.0407 -4.82 -0.0397 -3.06 -0.0572 -3.74 



 

 

β-worker     1.08 2.65   

β-car 1.07 2.61 1.56 4.5 1.2 3.06 2.04 4.15 

β-disx2000   1.29 2.67     

Sigma 2.21 10.48 3.01 13.02 2.45 10.06 3.89 11.36 

Air VOT  8.43 13.1 6.97 13.3 

Train VOT 5.34 15.5 4.48 12.5 

Final log-likelihood -695.393 -1143.96 -682.629 -994.177 

Adjusted 

rho-square 0.391 0.44 0.407 0.511 

Table 4.8 Estimates of air market 

The air market is examined firstly. It is found that the preference for the 

train mode is always positive in different experiment and different purpose. The 

constant estimated in private trips is not significant from. In business trip, the 

constant for High Speed Rail is higher than constant for X2000. It implies that 

air passengers on business trips do have lower preference to X2000 compared 

to high speed rail.  

The in-vehicle travel time and travel cost are the most important variables 

obviously. They all have negative signs which show that the higher cost or the 

longer time the journey takes, the less utility it brings. The estimate of cost is 

higher in private segments while the estimate of time is higher in business 

segments. The parameter for travel time is mode-specific so the value of time is 

derived by the ratio between different time parameter and cost parameter. The 

fact that the VOT of business trip is higher than that of private trips is confirmed 

again in our estimations. VOT of air passenger by air is higher than by train but 

there is an exceptional case. Those respondents on business trips between air 

and HSR perceive higher value of time of High Speed Rail.   

The parameter for dummy of car ownership more than 2 is positive and 

significantly different from 0 in all segment estimations. The number of cars 

owned by the household can be an indicator of the financial state of the family. 



 

 

Through there is quite a number of respondents who has unpleasant 

experience with X2000, the dissatisfaction dummy only works in single 

segment. So does the worker dummy, the parameter is positive and only 

significantly different from 0 in single segment.   

In train market, there are three kinds of experiments: high speed rail and air; 

X2000 and air; X2000 and high speed rail. As the models are specified 

differently so the results are put in table 4.9 and table 4.10 respectively.  

The parameters for travel time by air became positive for private trips. If a 

generic parameter is given to both modes, the elasticity of travel time is 

negative and the positive value is not detectable in this way. As a result, the 

values of time of air in these two cases became negative. For the business trips, 

the value of time is higher for both High Speed Rail and X2000. It might imply 

the self-selection phenomenon.  

Table 4.10 displays the results from experiment between X2000 and high 

speed rail. The constant for X2000 is positive for both private and business 

market. The signs of cost and time are reasonable. The parameters of time 

dummy for High Speed Rail is positive. It is the same deduction here that the 

superior High Speed Rail would be more pleasant to travel with. 

TRAIN Market HSR VS AIR X2000 VS AIR 

Variables 
private  

1798/140 

business 

2377/157 
private 1959/152 

Business 

1824/127 

ASC1 2.7 3.36 6.05 6.68 2.35 3.43 3.22 4.43 

β-cost -0.00743 -14.25 -0.00816 -15.54 -0.00521 -14.66 -0.00372 -10.37 

β-train time -0.0102 -3.98 -0.0393 -13.19 -0.00754 -3.58 -0.0212 -8.67 

β-air time 0.00446 0.39 -0.0236 -2.18 0.005 0.51 -0.0144 -1.48 

β-car   1.86 2.31   0.0591 1.82 

Sigma -3.2 -10.54 4.08 11 -2.29 -11.38 2.54 10.65 

Air VOT  -0.6 2.89 -0.9 3.85 



 

 

Train VOT 1.37 4.81 1.45 5.69 

Final log-likelihood -685.413 -847.232 -865.416 -878.01 

Adjusted 

rho-square 
0.446 0.482 0.359 0.301 

Table 4.9 Estimates train market 1 

 Train market 

Variables private 2727/295 Business 2779/282 

ASC 0.0925 2.07 0.13 3 

β-cost -0.00578 -15.87 -0.00589 -16.48 

β-time -0.0104 -7.17 -0.03 -19.41 

HSRtime 0.000986 2.61 0.00237 6.63 

SIGMA 0.0002 0 0.00283 0.05 

VOT X2000 1.80 5.09 

VOT HSR 1.63 4.69 

Final log-likelihood: -1483.75 -1593.84 

Adjusted rho-square: 0.212 0.17 

Table 4.10 Estimates of train market 2 

4.5.3 Comparison of Individual Experiment Estimation and 

Pooled Data Estimation 

In this chapter, the new Stated Choice data was estimated with two 

methods. Firstly, the original data is form as mix modes with alternatives which 



 

 

were put as pooled data. Dummy for time estimate was used to differentiate for 

other modes using X2000 as referenced mode. In this way, there is larger 

number of observations in each segment. Later on, a series of estimations by 

individual experiment were carried out and each contains a pair of modes. More 

social economics were added with the alternatives mode specifying and the 

time parameters are also model specific. So it is presumed that the sum of final 

log-likelihood of individual experiments would be better than the pooled one 

since more heterogeneity is taken care. Table 4.11 summarized the final 

log-likelihood. With almost the same total number of observation, the sum of 

the final log-likelihood of all individual experiment yields better performance 

than pooled data for both air market and train market.  

 

Pooled data 

Sum of individual 

experiment 

Air market 9257 -4685.13 9257 -3516.16 

Train market 13467 -8056.37 13464 -6353.66 

Table 4.11 Comparison of model fit 

If the value of time is also compared, there is also difference. The value of 

time from pooled data estimation can be directly put in table 4.12. However, 

there are overlapped estimated values of time for certain modes in those 

individual experiments. Since they are not significantly different, the average 

value is calculated and put in table 4.13.  

VOT Air market Train market Average 

kr/hour private business private business private business 

AIR 299.81 1025.86 259.38 749.13 279.595 887.495 

HSR 233.18 717.79 64.49 256.65 148.835 487.22 

x2000 248.41 762.41 66.98 287.86 157.695 525.135 

Table 4.12 Value of time per hour based on pooled data estimation  

VOT Air market Train market Average 

kr/hour private business private business private business 



 

 

AIR 462 792 100 202.2 281 497.1 

HSR 320.4 930 89.96 285.03 205.18 607.515 

x2000 268.8 750 97.48 323.5 183.14 536.75 

Table 4.13 Value of time per hour based on individual experiment estimations  

The value from pooled data estimation is similar with the value from 

individual experiment estimation generally speaking. The big difference 

between these two tables is the value of time of high speed rail. The value from 

the individual experiment estimation is higher than the value fromfrom the 

pooled data estimation. It was believed that the result from pooledpooled data 

estimation is more reliable after taking the average value of these two markets. 

TheThe value of time ofof high speed rail is lower than X2000 by small amount. 

The result is in favor treating high speed rail and X2000 as one alternative when 

modeling mode choice mode.  

One thing kept in mind that this new SC data is collected between 

Stockholm – Malmö; Stockholm – Gothenburg which routes are longer than 

average long-distance trip. So the value of time would be also reasonably 

higher. Meanwhile, there are only three value of time available.  

If backtracking to the result we got from the value of time study, there are 

car and bus but no air mode and no particular business trips. The values of time 

of the current modes are taken so car is 31.56 SEK per hour, bus is 37.32 SEK 

per hour and train is 52.28 SEK per hour. If these values of time from 2006 VOT 

study is converted to 2010 price with growth rate equals to 6%, then car is 39.84 

SEK per hour, bus is 47.12 SEK per hour and train is 66 SEK per hour. 

CombiningCombining the value of time from VOT study and average value 

of time from new SC data, the value of time can be recommended to related RP 

study as constraints.  

4.6 Chapter Conclusion  

The Swedish National Travel Survey collects RP data in which information 

about the equilibrium and attribute trade-offs in the current travel situation is 

insufficient to forecast the scenario with High Speed Train service available. 

So this new survey is conducted to capture broader preference behaviors in 



 

 

terms of modes, travel time and travel cost. Other trip attributes and social 

characteristics are also examined in the mode choice. With richness in the 

attribute trade off, the value of time estimation can be used as a constraint in 

the RP model.  

In both air market and train market, the minor difference and insignificant 

role of time dummy of High Speed Rail compared with the referential X2000 

indicates that the little difference in time sensitivity. The comparison of different 

time parameters in the individual estimations also supports the conclusion. 

Also, the lower sensitivity to High Speed Rail might indicate that other superior 

attributes of High Speed Rail make it “less time consuming”. The values of time 

also provide some clues. If compared within the market, passengers on 

business trips have higher VOT than on private trips. Air passengers have 

higher value of time for air mode than train mode and the other way around for 

train passengers. So the self-selection factor is involved here. If compared 

between the two markets, air passengers have higher VOT than train 

passengers. However, the exceptional cases where unreasonable sign occurs 

and mediocre model fit also remind us the reliability and accuracy of the 

estimation results.  

All the estimated parameters are quite reasonable. The habitual 

preference to transport mode may be a challenge to attract air passenger to the 

HSR. Analysis shows that the air passenger would still value air plane as favor 

mode. On the other hand, a large percentage of passengers who have 

unpleasant experience with X2000 seem to remain their decision on traveling 

with X2000. Current train passengers are indifferent to the factor when making 

the mode choice and current air passengers are dissatisfied and would still 

prefer air, especially those who on business trips.  

We use binary choice in our survey in which choices are made between 

HSR and AIR, HSR and AIR, HSR and X2000. But it might be interesting to do 

a multinomial choice where we put X2000, HSR and AIR together. There are 

two attributes that vary in two modes: travel cost difference and in-vehicle travel 

time. It would be useful if the access/egress time is also specified. The variable 

of connecting distance we use in the estimation plays the same role somehow. 

However it may be more direct for the interviews to value the time so it would 

appear in terms of time instead of distance.  

Meanwhile, more potential attributes can be introduced. The choices are 



 

 

made under some assumption that other factors remain the same as today. 

However, the frequency of X2000, the HSR and air plane may be different. The 

higher frequency of the HST may be more attractive compared with air. The risk 

of delay which is discussed at the beginning should also be kept since the HSR 

has higher priority to keep on time. The risk of delay or punctuality shows how 

well the certain public transport mode actually follows its published schedules 

and a variable for delay is included in the Madrid-Barcelona demand 

forecasting (Roman, et al., 2007). The willingness to pay for shorter time, for 

higher frequency and for punctuality would be compared and thus helps the 

decision in establishing the HSR. The levels of two attributes for the HSR and 

X2000 are the same which may contradict with the reality and different levels 

might arrive at different result. 

 

 



 

 

Conclusion 

Model efficiency is highly depends on the model formulation. Linearity in 

SAMPERS is questioned in this paper and the Box-Cox transformation is 

proved to be an efficient method. The key variables of travel cost, travel time 

and frequency are identified based on a SC data set. It is found that the 

transformed frequency variable provides better model fit in segment estimation. 

Simultaneous transformed cost and time variables also produce better model. 

So the Box-Cox is also tested in the new high speed rail SC modeling. Lack of 

variance with the time variable, the Box-Cox transformation of time failed in all 

cases. So the travel cost is transformed and it helps improving the model fit 

according to comparison of corresponding segment estimation results. So the 

non-linearity of variables should be taken consideration in later work with more 

complex RP models. In transforming travel time variable, it is recommended to 

conduct in terms of in-vehicle time and out-of vehicle time which is not included 

in this paper. The failure cases are also need to be notified.  

The model formulation can also be improved by enriching the contents or 

specification of the utility function. Travel service factor has long been 

neglected or treated as latent variable, so models based containing a variable 

of service level on board was estimated. The food service level on board is a 

key factor in the test for enriching model specification with service variable. 

Besides Box-Cox transformation, piecewise function also works in improving 

the discrete variable. Combined with travel time length segments, the service 

level on board dummies yield better models. The statistically significant results 

support the idea of using service variable and can be applied in later RP models. 

There are more quality factors such as safety, comfort, convenience and 

flexibility which can enrich the model. 

SC data is also used in the estimation of value of time with its advantage of 

wider arrange of attribute. The value of time is not directly draw from the 

tradeoff between time and cost, its distribution is also taken into account in this 

paper. SC experiment also includes current mode users with alternative modes 

and the choices are designed according to four quadrants: WTP, WTA, EG, EL. 

So the quadrants effect and trip characteristics, individual attributes are applied 

in the VOT model. The value of time is lower than the value from traditional 

approach by simply taking the ratio. Comparison of these values of different 



 

 

current mode users by different alternative, both the mode type effect and user 

type effect are obvious. Long-distance train users have higher value of time 

than the long-distance bus users and train users also value the comfort when 

travelling while bus users don’t. The value of time of car uses are unreasonable 

low and the comfort is also considered in this group. The data contains no 

business trip with the intension of evaluating by other approach.  

Estimated result on high speed rail SC data provides us valuable 

information on new mode against two alternative modes. Individual estimations 

by different experiment with different time parameters for different mode help 

us to detect different mode preference, time sensitivity and value of time among 

X2000, high speed rail and air in more detail. Pooled data estimations with 

mode time dummies can estimate on more data and provide basic models for 

comparison with Box-Cox transformation models. Preference to train mode in 

both market doesn’t vary much so no obvious variation in choosing between 

high speed rail and X2000. Again, no big difference found in the time sensitivity 

between high speed rail and X2000. Passengers on business trip are more 

sensitive to travel time and passengers on private trip are more sensitive to 

travel cost. Current air passengers also have higher values than current train 

passengers. The self-selection effect also makes the air passengers have 

higher value of time for air mode while train passengers have higher value of 

time for train mode. Other estimates of trip characteristics and individual 

attributes also reveal that high income, more important trip and higher car 

ownership are favor in air mode. The dissatisfaction of X2000 is only 

statistically important for air passengers on business trips and has little effect 

for the train passenger in their mode choice. The results show the significance 

of the habitual factor for both air and train passengers which means the 

difficulty to attract them to change their mode choice. The survey design can be 

further improved. More attributes such as mode frequency and punctuality can 

be included. The out of vehicle time or time spent on sub-mode are also 

meaningful variables in long-distance travel so they would be also collected 

instead of distance to and from terminal.   
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