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1.  Introduction 

Concerning the estimation of The Value of Travel Time Savings( VTTS) there has 
emerged a commonly accepted framework derived from [DeSerpa, 1971] and a general 
theory on discrete choices. This framework has shown its use both with revealed 
preference data( RP) and stated preference data( SP). Advances concerning SP data has 
made this a preferred choice in recent European studies, see e.g. [Axhausen, 2004]. 
Since SP data makes it possible to ask any person within a population to make choices 
this approach underlines a question that also exist with RP data. If we want to estimate 
the average VTTS for a given population, which part of the population do we ask SP 
choices and how do we correct the results if we only give them to a subpopulation.  
 
The above is best illustrated through an example. Suppose that our interest is the 
average VTTS in car for a population. Here we would choose a subpopulation and have 
them make SP choices. Three possible ways of choosing the subpopulation would be a 
random sample, a sample of people who has the possibility of using car to work or a 
sample of people always using car. But looking through the literature we have not been 
able to find discussions of the effect of choosing a given subsample1 . 
 
One way to investigate the effect of the sample is through a selection equation. 
Therefore we present a model with a selection equation and a VTTS equation. 
Estimations on data from a Danish VTTS study confirm that for some specifications 
there is significant correlation which corresponds to the fact that a standard estimation 
would suffer from selection bias.  
 
In this paper we adopt the theory of DeSerpa and the theory on discrete choice as 
presented in [Ben-Akiva and Lerman, 1985]. Within the framework the VTTS can be 
found as the ratio between the time coefficient and the cost coefficient in the discrete 
choice model, see [Jara-Diaz, 2003]. The framework has over the last decade been 
enriched by the use of mixed models. This is explained very clearly in [Train, 2003]. 
One particular mixed model is the mixed logit model. It is a very flexible model, see 
[McFadden and Train, 2000], and practical in handling panel data, see [Revelt and 
Train, 1998]. A crucial issue is which distribution to use in the mixed logit model, since 
this implies a distribution on the VTTS, see [Hess et al., 2004], [Fosgerau, 2004] and 
[Hensher and Greene, 2003].  
 
In transportation research the problem of selection bias has been recognized and studied 
in relation with choice based sampling. For choice based sampling the concern that a 
non random sample could lead to selection bias dates back to the late 70s. It was shown 
that standard estimation lead to inconsistent estimates, see [Manski and Lerman, 1977]. 
The problem in this context is that the object of study the choice affects the probability 
of being sampled. In the case of a VTTS SP-study the sample is based on mode choice 
which is based on VTTS. Hence it is reasonable to suspect that the sampling affects the 
outcome of the VTTS estimation.  
                                                           
*Centre for Traffic and Transport, Technical University of Denmark, slm@ctt.dtu.dk 1The only discussion 
found seem to be whether the sample shares some aggregated statistics of the population 
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It resembles the estimation of a wage equation in labor supply where the sample consist 
of people in a job. Since the accept of a job offer depends on peoples reservation wage 
one would suspect selection bias. In the field of labor supply this problem has been 
investigated through the use of a selection equation. The approach dates back to 
[Heckman, 1979]. He added a probit selection equation to the classical linear regression 
model. His approach has been enlarged to the case when both the selection and the main 
equations are discrete, see[Vella, 1992]. But in both cases the equations are connected 
through correlation in the additive error.  
 
In this study interest is on VTTS hence we are interested in whether the sampling 
affects the estimation of coefficients in the model and not the additive error. Therefore 
the model here though resembling the model discussed by Vella is different since the 
correlation is captured as an interaction between the selection equation and the mixed 
parameters of the VTTS equation.  
 
The remainder of this paper is organized as follows. In section 2 we present the model 
and estimation of the model. Section 3 contains a discussion on the data and section 4 
discusses the model applied to data. The final section contains some concluding 
remarks. 

2.  Model 

The model we present here consists of a Mixed logit model for panel data and a 
selection model to capture the way individuals were selected into the data set. In the 
next sections we present the two models and derive their simultaneous log likelihood.  

2.1  Selection model 

The selection model is a binary probit model. Let n denote a given individual. Then the 
binary outcome of the selection, Yn, depends on a latent variable U1n  

    (1) 
where 1{} denotes the indicator function and U1n is a latent variable determining the 
choice. Conditional on explanatory variables and coefficients the latent variable is the 
sum of a deterministic part and a random error term:  

    (2) 

where  and x1n denotes the explanatory variables including a constant. Based 
on the model we get that  

      (3) 
The expected residuals, , have in many cases been used when sample 
selection is a concern, see e.g. [Heckman, 1979]. From the probit model it follows that:  
 

         (4) 
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see [Wooldridge, 1999]. This is known as the Mills ratio. The use of a selection 
equation like the one described calls for a discussion of instruments. The variables in 
the selection equation not in the VTTS equation will act as instruments for the selection. 
Since a discussion like this depends on the specific application in mind we will 
postpone this discussion until section 3. 

2.2  VTTS model 
The VTTS model is a mixed logit model for panel data. In such a model one has to 
choose a distribution for the coefficients. This model assumes log normal coefficients 
i.e. log normal VTTS. The distribution ensures positive VTTS, see [Hess et al., 2004], 
and that VTTS has a well defined mean. Another reason to choose a log normal 
distribution is that on the same data set it has been shown to perform well in non 
parametric investigation of VTTS, see [Fosgerau, 2004]. The model parameterizes the 
VTTS with explanatory variables to allow for heterogeneity and heteroscedasticity.  
 
The model applies to a panel of binary choices. In our notation each alternative only has 
two attributes. For each person with Yn=1 we observe repeated SP choices: 

       (5) 
 

       (6) 
 

The choice depends on the latent variable U2n. The latent variable is decomposed into a 
random term and a systematic term conditional on random taste coefficients  
 

      (7) 
 

where εnt is independent logistic and we have left out the alternative specific constants 
because the SP experiment is unlabeled. The  refer to the difference in the 
cost attributes and time attributes between the two alternatives in a SP choice. Under the 
above assumptions we have  

           (8) 
and  

         (9) 

Where Vn denotes the vector(Vnt). The parameters  are chosen so that the VTTS is 

log normal distributed as mentioned above, i.e. the fraction 
αT

n

αC
n
 follows a log normal 

distribution. This can be done in different ways. We will use the following 
specifications  

                  (10) 
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where e.g.  signifies that  follows a log normal distribution derived 
from a . We allow the cost coefficient to be parameterized by explanatory 
variables, . The specification is what has been named estimation in WTP-space, see 
[Train and Weekes, 2005]. The use of WTP-space as opposed to the classical preference 
space is still limited. The reason for using it here is that preliminary investigations gave 
better models and also that [Fosgerau, 2005] shows that it performs well when 
compared with non-parametric estimations. Another reason for the WTP-specification is 
that correlation is modeled directly whereas it will only be indirectly through correlation 
with the cost coefficient in preference space. From the two specifications we get:  
 

                       (11) 
 
Which is log normal distributed.  
 
The model for selection from section 2.1 and the model for VTTS estimation above 
allow for interaction through correlation of the different normal distributions. This gives 
a model where it is possible to test whether the selection equation influences the VTTS 
estimation. Assuming that u1 and u2 follow a joint normal distribution we can use a 
Choleski factorization and write  
 

                  (12) 
where vi are iid normal with mean zero and variance one.  

Now we can derive a simultaneous likelihood for the selection and the SP-choices. We 
observe a vector of choices Zn when Yn=1. We condition on  but leave this 
out of the notation.  
 

                   (13-16) 
where we parameterize by  and  
 

                    (17-18) 
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2.3  Estimation 
We have in the above calculations only focused on the case Y=1. A equivalent model 
for a panel of binary choices for individuals with Y=0 can be deduced in the same way. 
The model can be estimated by classical methods such as simulated maximum 
likelihood( SML), see [Train, 2003]. Here we will use a simultaneous approach so we 
estimate the two equations simultaneously using SML. One could use a sequential 
approach involving the mills ratios to test the hypothesis of correlation. But in case of a 
rejection of the null hypothesis the estimates would be biased in our case in contrast 
with the Heckman model where a correction of the standard errors is enough. 
 
In the model VTTS is assumed log normally distributed. To evaluate the model and 
compare it to the standard model we evaluate the mean VTTS. This can be done in two 
ways either by averaging over the sample or by choosing a representative individual. 
The first is useful in applications but for the purpose at hand where we compare two 
models the second approach is more appropriate since model differences are not 
confused with sample characteristics. Therefore we evaluate the means using an 

individual with mean socioeconomic variables i.e.  xi  and . 
 
We have :  

  (19) 
where  are independent normal. Therefore we get  
 

  (20) 
This expression depends on β and s. We could use the point estimates for β and s, but to 
be true to the fact that they are estimates, confer [Hensher and Greene, 2003], it is more 
correct to use the estimated asymptotic distribution of (β,s). To do this we draw M time 

 and with these calculate:  
 

  (21) 
Then we use the average  
 

  (22) 
as the resulting VTTS estimate from the model. As an estimate of the variation in the 
VTTS estimate we calculate  
 

  (23) 
and report this as std. In the same way we can estimate the mean conditional on the 
individual  being a car user i.e.  
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                  (24) 
Conditional on being a public transport user the expression becomes:  
 

                       (25) 
If we had estimated  from a standard model without selection we could do the 
same calculation using  
 

                            (26) 

3.   Data 
The data is taken from the 2004 Danish VTTS study, see [Burge, 2004]. In this paper 
we will only investigate the commuters using car or public transport( PT). The data 
consists of 1425 individuals. Each individual was asked 9 SP choices in an unlabeled 
experiment referring to a current commute trip. Every choice was a binary choice where 
the alternatives were only described by travel time and cost. The SP choices included a 
check question i.e. a choice where one alternative is slower and more expensive. A total 
of 177 persons chose this dominated alternative. Since we cannot be sure that these 
people understood the SP task we take them out of the sample2 .  
 
Of the remaining 1248 individuals 3 had unrealistic reported travel times, 5 had 
unrealistically large travel costs, 24 had unrealistic travel speeds and 1 didn’t complete 
all of his choices. This leaves us with 1216 individuals of which 739 used public 
transport and 477 car. For the discrete variables the individuals in the sample have the 
characteristics reported in Table 1. The variables in the table have the following 
definitions.  

Table 1:  Descriptive statistics of the data 
 

 
variable 

per per PT per PT per Car per Car per 

area/area2 37.9 34.2 47.8 24.5 22.6 49.5 
cars/nocar 16.5 21.5 8.3 33.6 29.4 2.7 
carsin/not 8.8 91.2 5.3 94.7 14.3 85.7 
grp2/grp3 6 5.9 2.0 4.3 12.2 8.4 
hinc/noinc 32.2 5.5 33.7 5.0 29.8 6.3 
lic/nolic 91.0 9.1 85.5 14.5 99.4 0.6 

lug/nolug 11.7 88.3 10.0 90.0 14.3 85.7 
male/female 53.4 46.6 49.8 50.2 58.9 41.1 

tripf/not 41.9 58.1 53.2 46.8 24.3 75.7 
weekend 4.7 95.3 2.8 97.2 7.6 92.5 

work home 80.8 19.2 81.9 18.1 79.3 20.8 
occupation 98.1 1.9 97.2 2.8 99.6 0.4 

                                                           
2Whether this is good practice is questionable. Seven percent seems a lot. 
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The variable area is an indicator that the persons home is in Copenhagen and area2 an 
indicator that it is in a small town with less than 10000 inhabitants. The variable cars is 
an indicator of more than one car in the household, while nocar is an indicator for no 
car. The variable carsin is an indicator for living in a single adult household with one 
car. The variable grp2 indicates if traveling with household member and grp3 if 
traveling with non household member. The income variable noinc is an indicator for 
people with unknown income, while hinc is an indicator for people with high household 
income i.e. more than 600.000 DKK pr. year3 . The variable lic is an indicator for 
having a licence and the variable lug is an indicator for traveling with large luggage. 
The variable male/female is self explanatory. The variable tripf indicates that the travel 
takes place less often than daily. The variable weekend indicates that the travel takes 
place on the weekend. The variable occupation indicates if the individual has an 
occupation as a wage earner or self employed as opposed to apprentice. The variable 
work home indicates wage earners and self employed working at home less than once a 
week.  

Table 2:  More descriptive statistics 

 
variable mean std.der. min max mean(pt) mean(car) 

age 42.8 11.2 16 73 41.4 45.0 
logdis 3.02 1.13 0 6.40 2.98 3.08 
loginc 1.26 0.51 0 2.40 1.25 1.27 

logtime(min) 3.22 0.80 1.10 5.86 3.25 3.17 

 

The characteristics of the continues variables can be seen in Table 2. Here age is the 
age, logdis is the log of the distance between origin and destination. If distance was set 
to zero logdis is set to zero. The variable loginc is the log of personal income for the 
people with reported income( inc is not continues, but discrete with 11 levels). The 
variable logtime is the log of reported travel time. It is worth remarking that car users 
are older, travel longer distances in shorter time and income is the same in the two 
segments.  

As mentioned above the data consists of SP-games on time and cost in current mode. 
For each individual there are 9 SP observations. We use only 8 of them because one was 
a check question. The reasons for not using the check question are that the SP design is 
balanced without the check question and also that the information given by the 
dominated choice is uninformative since we base our model on the theory of De Serpa 
which results in non-negative VTTS.To estimate the model the alternatives have been 
arranged such that alternative 1 is the fastest. With this rearrangement the differences of 
the attributes of the SP choices can be seen in Table 3.  

                                                           
3For conversion 1 euro is around 7.5 dkk 
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Table 3:  Statistics on the attributes 

 
variable mean std.der. min max mean(pt) mean(car) 

diffT -7.24 6.9 -60 -1 -7.77 -6.42 
diffC 6.94 11.2 0.5 200 7.11 6.68 

 

Where diffT denotes the time attribute of the first alternative minus the time attribute of 
the second etc.. Each alternative in the SP choices concerning car also included the 
attribute congested time. Since this attribute in all choices had a fixed ratio to the total 
time depending on reported congestion we choose to use only total travel time and 
include the congestion ratio as an explanatory variable. This approach was also used in 
[Fosgerau, 2004]. 

3.1  Instruments 
An important concern with a model using two equations is which variables to include in 
the VTTS equation as explanatory variables and which to include in the selection 
equation as instruments. As explanatory variables in the VTTS equation we choose to 
include income and time, since this is supported by theory. We also choose to include 
age and sex since the causality between these variables and VTTS is clear. The 
inclusion of these two variables has essentially the same purpose as segmentation. For 
the remaining variables we do not have theory to support their inclusion in the VTTS 
equation and since causality between them and VTTS is not clear we would run the risk 
of endogenous variables if we included them. Therefore they will function as 
instruments in the selection equation. 

4.  Results 

Using the data we have estimated the model without selection as a separate probit and 
mixed logit model. The estimations were done using a program written in Ox, see 
[Doornik, 2001]. The program used SML to maximize the likelihood function in 13. In 
Table 4 we report the results for each of the two segments using this standard model.  
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Table 4:  Estimation results for independent models space 

 
parameter estimate t-value estimate t-value 
Segment car  pt  

LL -509.6    
constant -3.12 (-4.28)   
γage 0.12 ( 2.78)   

γarea -0.40 (-3.41)   

γarea2
 0.33 ( 2.90)   

γcarno -1.42 (-8.15)   

γcars 0.87 ( 7.01)   

γcarsin 0.54 ( 3.55)   

γchild -0.27 (-1.92)*   

γlogdis -0.15 (-3.69)   

γgrp2 1.53 ( 7.23)   

γgrp3 0.59 ( 3.11)   

γhinc -0.24 (-2.30)   

γlic 1.71 ( 4.61)   

γlug 0.44 ( 3.05)   

γsex -0.32 (-3.43)   

γtripf -1.08 (-11.0)   

γweekend 0.65 ( 2.77)   

γoccup 1.88 ( 3.14)   

γworkhome -0.28 (-2.31)   

LL -2028.4  -2712.6  
halton draws 1000  1000  

βT -1.22 (-10.5) -0.79 (-10.1) 

β0 1.33 ( 5.26) 2.32 ( 13.0) 

βage 0.30 ( 8.96) 0.15 ( 3.75) 

βinc -0.43 (-5.21) -0.82 (-10.2) 

βnoinc -0.91 (-6.32) -1.26 (-6.74) 

βsex 0.21 ( 3.74) -0.001 (-0.01)* 

βtime -0.50 (-9.65) -0.36 (-6.04) 

βcong -1.87 (-6.74) no no 

s2 1.05 ( 20.9) 1.02 ( 23.1) 

s3 1.66 ( 9.21) 1.22 ( 11.5) 

  

The parameters refer to the notation introduced in section 3 e.g. γarea multiplies the 
indicator for area. There are a few exceptions they are: γsex that multiplies an indicator 
for female. Remember that the selection model only uses socio-demographic variables 
so the parameters are differences in the effect of a variable on utility of car and pt.  
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The parameters in the selection equation are all significant. The result is the same for PT 
in this estimation hence the estimates are not reported. For some of the parameters it is 
hard to have an expectation on the sign beforehand. For the ones with expected signs 
e.g. cars, nocar, age, sex, area, lic we get the expected signs.  

For the parameters in the VTTS equation we get similar results for the two segments. 
The only exception is sex which is significant with the expected sign for car i.e. lower 
VTTS for females, but which is insignificant with the opposite sign for public transport. 
Also it is worth noticing that the effect of income is higher in PT while age and travel 
time has a higher effect on VTTS in car. From the specification we get that VTTS rises 
with income, time, congestion and falls with age, sex.  

The results for both segments using the model with correlation are reported in Table 5. 
The parameters refer to the same variables as in Table 4, except for s1 which is the 
coefficient on correlation. Concerning the parameters from the selection equation they 
are all significant. For both segments we get the same signs and similar estimates as for 
the model without correlation.  
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Table 5:  Estimation results for model with correlation 
 

parameter estimate t-value estimate t-value 
Segment car  pt  

halton draws 1000  1000  
LL -2537.2  -3221.1  

constant -3.02 (-5.30) -3.05 (-5.30) 
γage 0.10 ( 3.02) 0.11 ( 2.44) 

γarea -0.44 (-4.49) -0.42 (-3.93) 

γarea2
 0.31 ( 3.00) 0.32 ( 3.10) 

γcarno -1.41 (-12.3) -1.40 (-8.55) 

γcars 0.90 ( 8.05) 0.87 ( 8.68) 

γcarsin 0.56 ( 4.18) 0.51 ( 3.51) 

γchild -0.28 (-2.63) -0.28 (-2.38) 

γlogdis -0.16 (-5.84) -0.17 (-4.78) 

γgrp2 1.56 ( 8.02) 1.55 ( 11.1) 

γgrp3 0.57 ( 3.72) 0.62 ( 3.66) 

γhinc -0.26 (-2.80) -0.24 (-2.76) 

γlic 1.65 ( 5.88) 1.67 ( 5.63) 

γlug 0.44 ( 3.95) 0.46 ( 2.62) 

γsex -0.32 (-3.99) -0.33 (-4.03) 

γtripf -1.10 (-13.0) -1.09 (-12.5) 

γweekend 0.63 ( 2.71) 0.67 ( 2.84) 

γoccup 1.95 ( 4.15) 1.92 ( 4.42) 

γworkhome -0.27 (-2.68) -0.27 (-2.78) 

βT -1.21 (-10.4) -0.79 (-10.1) 

β0 1.36 ( 6.71) 2.37 ( 14.5) 

βage 0.28 ( 9.46) 0.12 ( 5.98) 

βinc -0.39 (-5.77) -0.81 (-9.45) 

βnoinc -0.68 (-5.34) -1.30 (-7.76) 

βsex 0.21 ( 3.26) -0.04 (-0.73)* 

βtime -0.49 (-12.0) -0.35 (-9.02) 

βcong -1.89 (-6.67) no no 

s1 -0.10 (-3.70) -0.11 (-3.38) 

s2 1.05 ( 23.9) 1.02 ( 28.6) 

s3 1.69 ( 9.39) 1.23 ( 11.5) 

For the parameters in the VTTS equation we get similar result for the two segments 
with two exceptions: the first is the same as the model above with the variable sex. For 
the car segment the signs on all parameters are the expected ones4  i.e. VTTS rises with 

                                                           
4remember that the parametrization is for the inverse VTTS 
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income, time, congestion and falls with age, sex. Also we see that the correlation is has 
a negative sign i.e. the fact that people choose car explains part of their higher VTTS.  

In the pt segment sex is insignificant. Again the signs on all significant parameters are 
the expected ones i.e. VTTS rises with income, time, and falls with age. Again we see a 
higher effect of income and lower of travel time and age on VTTS in PT. We see that 
the correlation has the same sign as in the car segment. The reason why the signs are 
expected to be the same for the two segments follows from fact that we estimate the 
same selection equation for the two segments. Therefore the truncations in the selection 
equation are different for the two segments, hence the same sign on s1 indicates opposite 
effects of the correlation in the two segments. 

4.1  VTTS estimation 

The estimated VTTS for the average individual in the sample is calculated with formula 
(20) and the estimated parameters from Table 5. The results are seen in Table 6 with std. 
dev. in parenthesis calculated using equation 23. It is evaluated with congestion zero to 
compare across segments.  

Table 6:  VTTS for average individual in sample in DKK pr. Min 
 

Model/segment car pt 
VTTS 1.00(0.03) 0.89(0.04) 

We also calculate the VTTS for people in a specific mode using 24 and 25, see 7.  

Table 7:  VTTS for average individual in sample in DKK pr. min conditional on mode 
 

Model/segment car pt 
VTTS 1.15(0.06) 0.82(0.04) 

 

For comparison we also calculated the VTTS for people in a specific mode using the 
standard specification without selection from 26, see 8.  

Table 8:  VTTS for average individual in subsample in DKK pr. min conditional on mode 

 
Model/segment car pt 

VTTS 1.07(0.06) 0.85(0.04) 

We can draw two immediate conclusions: In the standard case one would conclude that 
the VTTS in car is higher than in PT. This conclusion is not so obvious when taking 
selection into account. The second conclusion is that the bias from selection is 
neutralized by bias in parameter estimates so that mode specific results are much more 
different with the selection model than with the standard model.  
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5.  Conclusion/Remarks 
In this paper we have estimated the VTTS taking into consideration that the sample 
might not be random in the population. To estimate the VTTS we have included a 
selection equation. Both with and without the selection equation we obtain reasonable 
VTTS distributions having significant parameter estimates with expected signs.  
 
For both segments we calculate the VTTS using three different formulas. They show 
that taking selection into account for the two segments changes the expected VTTS 
toward one another. The calculations using the standard model show that these values 
resemble the values from the general model. But the fact that bias in estimates correct 
for selection bias should not be seen as a reason for not taking selection bias seriously 
but more as a reminder that hopefully the errors are not to large in cost benefit analysis 
when using the standard approach. An important conclusion is that whereas the standard 
estimates support a hypothesis that VTTS in car is higher than VTTS in public transport 
it is not an obvious conclusion from the estimates corrected for selection.  
 
The main conclusion from this paper is that the sample selection effects VTTS 
estimation and that the effect can alter the final output from the model. A second 
conclusion is that selection bias should be looked at more seriously in the transportation 
field and others especially now that researches have moved away from the simple MNL 
model. So more research is needed to investigate if it is just a sample and/or model 
specific selection effect we have found.  
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