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ABSTRACT
A panel data with information before and after changes in the transport supply offers a great

opportunity to analyze temporal effects in the transport mode choice behavior. One of these
effects is the inertia, which relates the past experiences with the current choices. In the case of
mandatory trips (work and education), the mode choice process usually involves an inertia effect
because users tend to repeat their decisions even when new and efficient transport alternatives
are introduced. Accounting for inertia is crucial to obtain accurate measurements of values of
travel time and elasticities and therefore make optimal decisions in transport policy.

Starting from a case study of a tram implementation in Tenerife (Gonzalez et al. 2014), this study
analyzes the role of the inertia effect on the travel mode choice of a group of college students
(University of La Laguna). Using a panel data of three waves collected before and after the
introduction of the tram with the same set of individuals, we evaluate the inertia effect between
the first and the last wave of revealed preferences. Specifically, we estimate several panel mixed
logit models allowing for correlations across observation from the same individual. According to
our results, the models considering the inertia effect among car users provide a better statistical
fit to the data and more accurate values of time. Further, we find that the elasticities of car
demand respect travel time and travel cost are lower when the inertia effect is considered. These
findings show that the users are more willing to choose the car despite the implementation of the
new public transport alternative, this goes against one of the main objectives of the tram
implementation.
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1. INTRODUCTION

In the context of discrete choice models, transport modal choices have been traditionally
estimated based on the assumption that the individuals select the highest utility option depending
on its own personal characteristics and on the attributes of the travel mode at a certain point of
time. However, in practice, the individuals evaluate their choices in a more complex way in
which dynamic factors might be involved. Several authors have showed that the choice situations
are faced through a trail and error process (Kitamura, 1987. Hoeffler and Ariely, 1999),
suggesting that the past experiences are related with the current choices. In this situation, some
individuals have a tendency to repeat their usual choices while others are more willing to change
to other transport modes. This effect is widely known as inertia and, despite it has been largely
discussed in the literature (Goodwin 1977; Clarke et al. 1982, Garling and Axhausen 2003) it
remains an important factor that might have a significant impact on transport policies (e.g., new
public transport alternatives to reduce car dependency).

A proper calculation of the inertia effect requires information about individual choices collected
at different points of time (longitudinal datasets). Despite the fact that most demand models use
cross-sectional data, at the present, the use of panel data models trying to account for temporal
effects in the field of transport demand analysis is becoming more popular (Cirillo and
Axhausen, 2006. Bliemer and Rose, 2010). However, panel data models built around the
implementation of new public transport alternatives are very scarce (Parody, 1977. Yéfiez et al.,
2010). In addition, in these contexts it is still not clear in the literature (Swait et al., 2004.
Cantillo et al., 2007) how the temporal effects influence the subjective values of time and model

elasticities.



In this study, we aim to provide further insights into this issue. Starting from a panel data built
around a new public tram implementation in Tenerife, Spain (Gonzéalez et al. 2014) we evaluate
how the inertia effect influence the modal choices of a common set of college students
(University of La Laguna). Specifically, we estimate several multinomial and panel data mixed
logit models incorporating the inertia term as a function of the previous evaluation of the
alternatives (Cantillo et al., 2007. Yéfiez et al., 2009). Then we derived model elasticities and
values of travel time savings, comparing the results obtained from models with and without the
inertia effect. We find that mixed logit models considering panel correlation and inertia provide a
more accurate VTTS and a better statistical fit to the data. Further, we find that the demand for
car is less sensitive to the level-of-service variables in the models considering the inertia than in
the models without temporal effects. Therefore, our results suggest that among the students there
is a predisposition to choose the car that remains in time even when a new public transport
alternative is implemented.

The rest of the paper is organized as follows. Section 2 explains the theoretical framework of
mixed discrete choice models, the joint estimation with revealed and stated preferences datasets
and the inertia effect. Section 3 presents the case study used for the estimation. Section 4 shows

and discusses the main results. Finally, Section 5 summarizes the main conclusions.

2. METHODOLOGY

Our inertia model starts from a Mixed Logit (ML) model formulation which allows for the join
estimation of RP/SP datasets and for correlation among observations in a panel data context. The
inertia effect is based in the work of Cantillo et al. (2007), extended in Yafez et al. (2009). We

assume that in different choice situations or waves (w) an individual g chooses among a finite



number of alternatives j (travel modes) which can vary over time. The individual selects the
travel mode with the highest utility depending on observable components such as level-of-
service variables and socioeconomic characteristics and non-observable components included in
the random term. Therefore, the utility function for alternative j at choice situation w can be
expressed as:

=Vig(Bj xj) = Ij + Wjq + &jg @
where Vg is the observable component of the function, composed by the observed attributes x;,

and a vector of coefficients §; that vary over alternatives but are fixed among individuals and
choice situations, uj, is an error component with zero mean and standard deviation allowing for
correlation between alternatives as well as across observations from the same individual and &g

is the random term i.i.d. extreme value distributed. The conditional logit probability for choosing
the alternative j by individual q is:
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Following Train (2009), we can calculate derivatives of the choice probabilities, that is, changes
in the choice probabilities given by a change in the observed factors x;;
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When the utility function is assumed to be linear in attributes and parameters the derivative
becomes S; Pjg(1— Pjg), which is the direct elasticity. If we want to determine how the

probability of choosing a particular alternative changes when an attribute related to other

alternative changes the derivative can be expressed as:
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and again, when vyis linear in parameters and attributes the derivative becomes —f; Pig Pyq,
which is the cross-elasticity.
The inertia effect used in this study can be expressed as function of the valuation of the
alternatives in the previous choice situation in the form:

b= filBu Vi =V ®
This inertia effect assumes that the individual compares the current alternatives in the choice
situation w with the alternative that was chosen in the previous choice situation w-1. In addition
to the mean (B;;), the general expression of the inertia (Cantillo et al. 2007) includes the standard
deviation and the socioeconomic characteristics of the individual. Therefore, the inertia
parameter might capture taste heterogeneity over the individuals as a result of random or
systematic effects, heterogeneity that was not found in this study. Further, the inertia parameter
could be positive or negative, in the last case representing the preference for change to another
travel mode.

In this investigation we have a three-wave panel data collected in two moments of time. The first
and the second wave gather information about RP and SP in 2007 while the third wave collects
information about RP in 2009. The joint estimation of RP/SP datasets requires specifying the
utility of each dataset and adjusting the scale in order to obtain the same variance in both

(Morikawa, 1994). The RP and SP utilities can be expressed as:
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assuming that w take the value of w=1 and w=2 for the first and the last wave of RP in 2007 and

2009 respectively. To obtain the same variance in both datasets (RP and SP) we need to scale

SP
one of them (commonly the SP utility) by the ratio between the MNL scale parameters ¢ = .

IRP"
Finally, because the error component which allows for panel correlation is actually unknown, the
unconditional probability is the product of logit formula evaluated over all values of ;, under
the form of a ML model (Train, 2009).
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3. DATA DESCRIPTION

The dataset used in this study comes from a three-wave panel data generated before and after a
tram implementation in Tenerife, Spain (Gonzélez et al. 2014). The first and the second wave of
the panel collected information about RP-SP preferences before the tram implementation in 2007
while the third wave gathered information about RP preferences in 2009 two year after the new
public travel mode started operating. The sample is composed by 284 students who lived in the
metropolitan area Santa Cruz-La Laguna, with seven university colleges as a possible destination
and four transport modes to choose from (walk, car-driver, bus and tram). Table 1 shows the

availability of the transport modes and the frequency of choices corresponding to each wave.



Table 1. Mode Choices

Wave Transport Modes Walk Car Bus Tram
Choice 14.08% 45.42% 40.49% -
RP (2007)
Availability 52.82% 51.41% 97.89% 0
Choice 9.15% 33.45% 15.85% 41.55%
SP (2007)
Availability 52.82% 51.41% 97.89% 7.57%
Choice 8.8% 48.24% 9.51% 33.45%
RP (2009)
Availability 52.82% 55.63% 97.89% 7.57%

We can observe in the table that almost the totally of the students with available car chose this
transport mode, while only 40% in 2007 and 9% in 2009 of the individuals chose the bus
although this mode available for more than 95% of the sample. Respect to the preferences
declared in the SP experiment in 2007, the table highlights that a high percentage of students
(57.40%) expected a greater use of the public transport (Bus and Tram) accompanied by a
decreasing in the usage of cars. However, these preferences actually change in the wave of 2009,
in which more than 48% of the individuals choose their private vehicles, remaining the car as the
most used transport mode even above the total usage of public transport modes (around 43%).
Despite these figures, the information gather in 2009 reports a success in the tram
implementation, with almost 34% of choice. The problem is that more than 75% of these
students were previously bus users while just about 10% were car users, confirming that the
usage of cars did not decrease with the implementation of the new public transport alternative. In
fact, looking at RP, the percentage of car users had even increased from 45.4% in 2007 to 48.2%
in 2009. This simple descriptive analysis indicates the limited success of the tram in reducing the

use of cars, which was an important objective of the policy.



Table 2 provides an initial insight into those travel modes in which might be found an inertia
effect. The table shows the percentage of individuals who keep or change their choices in 2009
respect the preferences revealed in 2007. For instance, more than 52% of the total users who
choose walk in 2007 (14.08%) maintain their election in 2009 while 35% of them change to
tram. Table 2 also highlights that the car users are more predisposed to repeat their choices than
the others, with more than 87% of repetition, while the bus users are more willing to change their

transport mode, with a change of almost 62% to tram.

Table 2. Repeated choices between RP 2007 and RP 2009

RP 2009
Walk Car Bus Tram
Walk 14.08% 52.50% 12.50% 0.00% 35.00%
RP 2007 Car 45.42% 3.10% 87.60% 1.55% 7.75%
Bus 40.49% 0.00% 16.52% 21.74% 61.74%

Finally, table 3 shows the level-of-service variables used in the models that we estimate in the
next section and the main descriptive statistics associated with them. The variables used are In-
vehicle Time (in minutes) for each transport mode, Access and Waiting Time (in minutes) for

bus and tram modes and Travel Cost (in cent./€) for Car, Bus and Tram modes.



Table 3. Descriptive Statistics

Variables Mean Std. Dev.  Min Max
Time Walk 21.56 5.62 5.00 30.00
In-vehicle Time Car 16.50 6.43 4.00 40.00
In-vehicle Time Bus 27.33 11.35 5.00 67.00
In-vehicle Time Tram 24.19 9.72 5.00 49.00
Access Time Bus 5.46 3.64 1.00 17.00
Access Time Tram 7.34 431 1.00 23.00
Waiting Time Bus 9.56 2.36 2.00 15.00
Waiting Time Tram 3.88 0.78 2.00 5.00
Travel Cost Car 112.90 24.99 51.51 196.67
Travel Cost Bus 63.78 15.25 20.00 150.00
Travel Cost Tram 64.60 5.07 60.00 70.00

4. MODEL ESTIMATION AND RESULTS

In this section we show the main estimation results (Table 4) and report the VTTS (Table 5) and
the direct and cross-elasticities derived from the models. The models MNL1, MNL2, ML1 and
ML2 were estimated using the three waves of the panel and the inertia effect model formulation
discussed above and they are arranged in increasing complexity order. The models assume
generic parameters over waves and the explanatory variables used (see Table 3) are In-vehicle
Time, Access Time, Waiting Time, Travel Cost and the Alternative Specific Constants. Travel
cost parameter was specified as generic among alternatives as well as Waiting Time and In-

vehicle Time by bus and tram.



The purpose of the estimation is to compare the results obtained from models with and without
the inertia effect. With this aim, we first estimate multinomial logit models MNL1 and MNL2
incorporating the inertia effect in the second one. Then, we follow the same strategy estimating
more complex mixed logit models ML1 and ML2 including an error component with zero mean
and standard deviation in order to accommodate the panel correlation across observations from
the same individual. It is worth noting that the inertia parameter is specific for Car and it only
affects the last wave of RP in 2009, meaning that the previous evaluation between the
alternatives made by the individuals in RP 2007 affect the choice of car in 2009. Regarding the
panel effect parameter, to avoid problems of correlation between transport modes it is estimated
by randomly selecting the error-component reference alternative for each observation (Yafez, et
al. 2011). The models were estimated using the software Python Biogeme (Bierlaire and
Fetiarison, 2009) and 500 quasi-random draws via Latin Hypercube Sampling (Hess et al.,
2006).

The model estimation results reported in the table 4 show that the coefficients both for the
multinomial and for the mixed logit models are significantly different from zero at 95%
confidence level and the signs are as expected. However, the estimates indicate that the ML
models lead to a significant improvement in log-likelihood over the MNL models. Note also that
the parameter values in the ML models are higher than the values obtained in the MNL models,
due to the fact that the variance of the i.i.d error terms in the ML models is lower than in the

MNL models (Sillano and Ortuzar, 2005).



Table 4. Model Estimation Results

MNL,_1 MNL,_2 ML_1 ML_2
Value R.ttest Value R.ttest Value R.ttest Value R.t.test
Time Walk -0.213 -(8.00) -0.207 -(7.80) -0.261 -(7.64) -0.252 -(7.36)
In-vehicle Time Car  -0.083 -(3.39) -0.085 -(3.33) -0.089 -(3.13) -0.091 -(3.09)
In-vehicle Time Bus-
Tram -0.072 -(5.94) -0.073 -(591) -0.089 -(6.22) -0.089 -(6.12)
Access Time Bus  -0.160 -(3.40) -0.153 -(3.32) -0.181 -(3.72) -0.170 -(3.53)
Access Time Tram  -0.191 -(6.26)  -0.186 -(6.10) -0.214 -(5.75)  -0.205 -(5.51)
Waiting Time Bus-
Tram -0.189 -(5.30) -0.188 -(5.26)  -0.224 -(5.41) -0.225 -(5.49)
Travel Cost -0.018 -(5.18) -0.017 -(4.77) -0.022 -(5.33) -0.020 -(4.77)
ARP 2009 (Scale)  1.740 (5.66) 1.780 (5.67) 1.420 (5.02) 1.490 (5.11)
Inertia Car RP 2009 -0.207 -(2.22) -0.244  -(2.27)
o Panel Correlation 1.340 (4.91) 1.360 (4.95)
ASC_Car2007  0.161 (0.24) 0.279 (0.40)  -0.344 -(0.37)  -0.194 -(0.19)
ASC CarSP  -0.324 -(0.51) -0.318 -(0.49) -0.835 -(1.07) -0.790 -(1.03)
ASC_Car2009  0.672 (1.03) 0.822 (1.22) 0.712 (0.94) 0.874 (1.14)
ASC_Bus2007 -0.248 -(0.32) -0.169 -(0.22) -0.591 -(0.56)  -0.487 -(0.46)
ASC BusSP  -0.143 -(0.20) -0.112 -(0.16) -0.346 -(0.42) -0.289 -(0.35)
ASC Bus2009 -0.076 -(0.12) -0.056 -(0.09) -0.513 -(0.67) -0.469 -(0.62)
ASC_TramSP  0.577 (0.91) 0.601 (0.94) 0.442 (0.58) 0.463 (0.61)
ASC_Tram 2009  0.692 (1.16) 0.682 (1.13) 0.654 (0.95) 0.604 (0.87)
Model fit
Observations 852 852 852 852
Log-likelihood -357.890 -355.438 -349.079 -346.519
p?(C) 0.240 0.245 0.259 0.264
LR-test Chi-Square 226.326 231.230 243.948 249.068

Table 4 also reports a significant scale parameter (A RP 2009), allowing for heteroscedasticity

between the two waves collected in 2007 and the third wave of 2009, and the significant error-

component (o) that accounts for panel correlation. Further, the inertia parameter in the models



MNL2 and ML1 is significant and negative. In equation (1) the inertia term is specified with a

negative sign, thus a negative estimate of the inertia parameter means that the effect of the inertia

IS positive. In our case, the inertia term enlarges the comparative utility of car in 2009, increasing

the disposition to choose this transport mode (a clarification of the temporal effect can be found

in Yéafez et al., 2010). According to goodness-of-fit measures calculated, that is, log-likelihood

value, LR-test and p2 index (Ortuzar and Willumsen, 2011), the model performance improves

when the inertia effect and the panel correlation is introduced. Therefore, we obtain a better

statistical fit to data using the model ML2.

Table 5. Values of Travel Time Savings (€/h.)

MNL_1 MNL_2 ML _1 ML _2
7.10 7.31 7.12 7.56
Time Walk
(4.89-11.32) (5.26-11.43) (5.01-10.93) (4.92-12.97)
2.75 2.99 2.41 2.73
In-vehicle Time Car
(1.05-5.62) (1.18-5.97) (0.79-5.18) (0.92-5.84)
In-vehicle Time Bus- 2.41 2.58 2.42 2.67
Tram (1.45-4.15) (1.85-3.86) (1.67-3.68) (1.72-4.47)
5.33 5.40 4.94 5.10
Access Time Bus
(2.32-9.56) (2.39-9.58) (2.30-8.86) (2.22-9.76)
6.37 6.56 5.84 6.15
Access Time Tram
(4.06-10.51) (4.45-10.44) (3.69-9.43) (3.60-11.03)
Waiting Time Bus- 6.30 6.64 6.11 6.75
Tram (3.78-10.58) (3.86-11.81) (4.97-11.93) (3.80-12.59)

Table 5 reports the travel time values obtained with the estimates of Table 4. The VTTS are

given by the ratio of the travel times and the cost coefficients, while the confidence intervals are



computed using the t-test method (Armstrong et al., 2001). These intervals are generally not
symmetric, with a larger upper bound as in our case. Taking into account that our sample is
composed only of college students, in general the magnitudes of the values of travel time savings
are in line with the results of other studies carried out in Canary Islands (e.g. Espino et al., 2006.
Amador et al., 2005). The values also indicates that there is not significant differences between
the VTTS obtained from multinomial models to those obtained from more efficient mixed logit
models. Moreover, one of the main conclusions to be drawn from these outcomes is that the
values of travel time obtained using models without the inertia effect (MNL1 and ML2) are
lower than the obtained in the models with such temporal effect (MNL2 and ML2), giving an
initial insight into the influence of the inertia term. This result suggest that we should be cautious
about proposing VTTS derived from panel data models that no consider the inertia effect since
we might be underestimating the travel time savings benefits.

Table 6 reports direct and cross-elasticities for car, bus and tram modes with respect to all
attributes tested in our models. The values reported in the tables correspond to the last wave of
RP 2009 and are computed as average elasticities using sample enumeration. In general the
following results should be highlighted. In terms of direct elasticities, the bus mode, as opposed
to tram, is more sensitive to waiting time, reflecting the discomfort and uncertainty that is
usually related to this attribute in bus. The demand of tram is less sensitive to waiting time,
probably because of the high frequency offered (less than five minutes in the peak hours) and the
realtime service information available in the tram stops. With respect to car mode, the demand of
car is more sensitive to Travel Cost than to In-vehicle travel time, while the public transport
modes go in the opposite direction. Overall, we can observe a more inelastic car demand to cost

and travel time than public transports, suggesting that the car users give less importance to the



variations in these attributes than the public transport users. In reference to the car cross-
elasticities, the highest values are obtained regarding In-vehicle times for bus and tram and
waiting time for bus, being these values more accentuated in the mixed logit models (ML1 and
ML2).

Table 6. Direct (in bold) and Cross-elasticities (RP 2009)

Non-temporal Effects Inertia

MNL_1 MNL_2
Car Bus Tram Car Bus Tram
In-vehicle Time Car  -0.17 0.11 0.47 -0.10 0.11 0.44
In-vehicle Time Bus 1.76 -1.68 0.81 1.89 -1.71 0.76
In-vehicle Time Tram 1.58 0.21 -1.01 1.74 0.21 -1.08
Access Time Bus 0.78 -0.79 0.40 0.79 -0.76 0.35
Access Time Tram 1.28 0.21 -0.90 1.33 0.20 -0.90
Waiting Time Bus 1.62 -1.67 0.81 1.72 -1.67 0.75
Waiting Time Tram  0.66 0.08 -0.44 0.72 0.08 -0.46
Travel Cost Car  -0.42 0.31 1.41 -0.22 0.28 1.23
Travel Cost Bus 1.48 -1.54 0.76 1.48 -1.45 0.66
Travel Cost Tram 1.46 0.16 -0.94 1.47 0.15 -0.93

ML_1 ML2

Car Bus Tram Car Bus Tram
In-vehicle Time Car  -0.15 0.09 0.51 -0.08 0.09 0.49
In-vehicle Time Bus 2.21 -2.11 1.01 2.33 -2.11 0.94
In-vehicle Time Tram 2.00 0.21 -1.22 2.15 0.21 -1.29
Access Time Bus  0.90 -0.92 0.45 0.89 -0.86 0.40
Access Time Tram 1.47 0.18 -0.97 1.48 0.17 -0.96
Waiting Time Bus 1.96 -2.01 0.97 2.09 -2.03 0.91
Waiting Time Tram 0.81 0.08 -0.51 0.88 0.08 -0.54
Travel Cost Car  -0.44 0.31 1.78 -0.22 0.27 1.53
Travel Cost Bus 1.87 -1.95 0.95 1.83 -1.80 0.82
Travel Cost Tram 1.85 0.16 -1.15 1.81 0.14 -1.11




The comparison between the models with and without temporal effects leads us to interesting
results. First, the derived direct and cross-elasticities for bus and tram are very similar both in the
models MNL1-MNL2 and ML1-ML2, suggesting no significant differences by the inclusion of
the inertia effect. However, such situation does not occur in the car case, in which the inertia
term has a direct impact on the choice probabilities. The values shows that the demand for car in
the models MNL2 and ML2 is clearly less sensitive to In-vehicle time and travel cost than in the
models without temporal effects. Specifically, the car direct elasticities to In-vehicle time and
Travel Cost range from 0.17 to 0.10 and 0.42 to 0.22 respectively in the multinomial models,
while in the mixed logit models range from 0.15 to 0.08 and 0.44 to 0.22. These results indicate
that the car users are even less sensitive to their own In-vehicle and Travel Cost elasticities in the
models considering the inertia effect than they are in the panel data models that not account for

temporal effects.

5. CONCLUSIONS

Starting from a case study of a public tram implementation in Tenerife, Spain (Gonzéalez et al.
2014) this study has evaluated the role of the inertia effect on the travel mode choice of a
common set of college students (University of La Laguna). Using the panel data of three waves
collected before and after the introduction of the tram, we estimated several multinomial and
panel data mixed logit models with error components in order to derive values of travel time
savings and model elasticities.

We found a significant inertia term, based in the previous evaluation between the alternatives
made by the individuals in RP 2007, which increases the probability of choosing car in 2009.

The evidence indicates that the models accounting for panel correlation and inertia effect provide



a better statistical fit to the data and more accurate values of travel time savings. Further, our
empirical results have also shown that the direct car elasticities with respect to In-vehicle and
Travel Cost are lower in the models considering the inertia effect than in the models without
temporal effects.

These findings suggest that the utility of the car mode does not only depend on the observable
attributes of the travel mode such as Travel Time or Travel Cost in the current situation. The
individuals have also a predisposition to choose the car mode that remains in time despite the
implementation of the new public transport alternative, a result in line with previous evidences
(e.g. Copley et al., 2002. Golias., 2002. Vuk,. 2005). In such situations, the inertia effects might
explain why the transport policies based on new public transport alternatives are not effective in
reducing the usage of cars while increasing the share of public transportation for mandatory trips.
However, further empirical evidence is needed in different contexts to support the external
validity of our results. Also, a clear line for future research would be to analyze the explanatory

factors of the inertia term.
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