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Netherland Mode Choice Case

Model Specification with Generic AttributesFiles to use with BIOGEME:Model �le: binary generi
 netherlands.modData �le: netherlands05.datIn this �rst model we assume that the total travel time (in-vehi
le and out-of-vehi
le) and travel 
ost of the modes are the only fa
tors in
uen
ing themode 
hoi
e. We also assume that the 
oeÆ
ients of the explanatory vari-ables are generi
, i.e. they do not vary among alternatives. The expressionof utility for this simple model 
an be expressed as:
Vauto = ASCauto + βttttauto + βt

ostauto
Vrail = βttttrail + βt

ostrail

Estimation resultsVariable Variable CoeÆ
ient Robust Robustnumber name estimate standard error t statisti
1 ASCauto -0.798 0.275 -2.8952 βt
 -0.050 0.010 -4.6693 βtt -1.326 0.354 -3.745
Summary statisticsNumber of observations = 228

L(0) = −158.038

L(β̂) = −123.133�ρ2 = 0.221Table 1: Estimation results with generi
 attributesThe estimation results are reported in Table 1. All the estimated 
oeÆ-1
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ients are statisti
ally signi�
ant di�erent from zero. Looking at the al-ternative spe
i�
 
onstant, the negative sign indi
ates that the rest of theutilities being equal, auto is less preferred than the rail. However, this maybe due to the fa
t that the model is too simple and there are importantvariables left out from the model. The negative signs for the generi
 
o-eÆ
ients for 
ost and travel time indi
ates as expe
ted, that the utilityper
eived by the de
ision maker for any of the two alternatives de
reaseswith in
rease in 
ost and travel time.
Model Specification with Alternative Specific AttributesFiles to use with BIOGEME:Model �le: binary spe
i�
 netherlands.modData �le: netherlands05.datIn the se
ond spe
i�
ation, we relax the hypothesis of generi
 travel time
oeÆ
ients. The alternative spe
i�
 
oeÆ
ients are more relevant if peopleper
eive a minute spent in one mode to be di�erent than, a minute spenton the other. To illustrate this idea two di�erent travel time 
oeÆ
ients areintrodu
ed for auto and rail. The 
orresponding utility fun
tion is givenbelow:

Vauto = ASCauto + βtt autottauto + βt

ostauto
Vrail = βtt railttrail + βt

ostrailThe estimation results are reported in table 2. In general, this model has abetter likelihood value than the model with generi
 travel time 
oeÆ
ients.However the 
oeÆ
ient for the travel time of the rail alternative is notstatisti
ally signi�
ant di�erent from zero. The 
oeÆ
ient for the traveltime of the 
ar alternative is negative and signi�
ant as expe
ted, andis also bigger in magnitude with respe
t to the generi
 one presented inthe previous table (-0.022 vs. -0.037). As in the previous example thenegative sign indi
ates that the utility per
eived by the de
ision maker for2
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Estimation resultsVariable Variable CoeÆ
ient Robust Robustnumber name estimate standard error t statisti
1 ASCauto 2.430 0.973 2.4972 βt
 -0.054 0.011 -4.7853 βtt auto -2.262 0.485 -4.6624 βtt rail -0.543 0.396 -1.372

Summary statisticsNumber of observations = 228

L(0) = −158.03

L(β̂) = −118.023�ρ2 = 0.253Table 2: Estimation results with alternative-spe
i�
 attributesthe 
ar alternative de
reases with the in
rease of travel time. However itappears that travel time does not a�e
t the 
ar and rail alternatives inthe same way. The results indi
ate that people have less negative utilityfor travel time in rail 
ompared to 
ar. This may be due to the fa
t thatpeople 
an better utilize their time when travelling on rail. The alternativespe
i�
 
onstant for the auto alternative has now the reversed sign denotingin
reased preferen
e for auto (given equal total time and total 
ost) whi
h ismore intuitive. A likelihood ratio test 
an be performed to test whether ornot there is a signi�
ant improvement in the goodness-of-�t in the modi�edspe
i�
ation with alternative spe
i�
 
oeÆ
ients for travel times (see 
asestudy).
Generic vs Specific TestThe likelihood ratio test 
an be used to test the generi
 vs the alternate-spe
i�
 spe
i�
ation. The likelihood ratio test statisti
 for the null hypoth-esis of generi
 attributes is 3
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−2(L(βG) − L(βAS))where G and AS denote the generi
 and alternate-spe
i�
 models, respe
-tively. It is distributed χ2 with the number of degrees of freedom equal tothe number of restri
tions (KAS−KG). In this 
ase, −2(−123.133+118.02) =

10.22. Sin
e χ2
0.95,1 = 3.841 at 95% level of 
on�den
e, we 
an 
on
ludethat the model with the alternate-spe
i�
 
onstant has a signi�
ant im-provement in �t.

Model Specification with Socio-Economic VariablesFiles to use with BIOGEME:Model �le: binary so
io e
on netherlands.modData �le: netherlands05.datThe previous two models only in
luded variables that were alternative spe-
i�
. We now introdu
e a so
ioe
onomi
 variable 'sex' whi
h indi
ates therespondent gender. The variable is 
ategori
al and is equal to 1 if the genderis female and zero if male. Sin
e the variable sex does vary on the alter-native (re
all that only di�eren
e in utility matters), we have normalizedthe alternative auto to zero. As it is showen in the utility fun
tion below,the gender variable only enters the utility of the rail alternative. Howeverthis is an arbitrary normalization, as we 
ould also have normalized the railalternative.
Vauto = ASCauto + βttttauto + βtccostauto

Vrail = βttttrail + βtccostrail + βsexsexThe estimation results are reported in table 3. The results show that thereis a slight improvement in the likelihood value. The 
oeÆ
ient of the gen-der variable is positive and statisti
ally signi�
ant, whi
h indi
ates that4



5females have higher 'propensity' than males in 
hoosing the rail alternativewith respe
t to the auto alternative. The reader 
an verify that if we hadin
luded the gender variable in the utility of the auto alternative insteadof the rail alternative, the 
on
lusion would remain un
hanged. In fa
t theresults would be exa
tly the same. The only di�eren
e is that the 
oeÆ-
ient would show the opposite sign. In our 
ase it would be
ome negative.The interpretation would be that females would have lower propensity (orutility) than males for using the 
ar alternative with respe
t to the trainalternative, whi
h is exa
tly the same result we had before. Regarding the
oeÆ
ients of the other explanatory variables they are almost un
hangedwith respe
t to the previous model (reported in table 4.8) and therefore wedo not 
omment on them.
Estimation resultsVariable Variable CoeÆ
ient Robust Robustnumber name estimate standard error t statisti
1 ASCauto 2.852 1.017 2.8022 βsex 0.675 0.329 2.0503 βtc -0.06 0.012 -4.8934 βttauto -2.338 0.495 -4.7265 βttrail -0.529 0.414 -1.280

Summary statisticsNumber of observations = 228

L(0) = −158.038

L(β̂) = −115.88�ρ2 = 0.267Table 3: Estimation results with so
ioe
onomi
 
hara
teristi
s
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