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ABSTRACT

Discrete choice models are a key technique for estimating the value of travel time (VTT). Often,
stated choice data are used in which respondents are presented with trade-offs between travel
time and travel cost and possibly additional attributes. There is a clear possibility that some
respondents experience time constraints, leaving some of the presented options unfeasible. A
model not incorporating information on these constraints would explain choices for faster and
more expensive options as an indication that those respondents have a higher value of travel time
when in reality they may be forced to select the more expensive option as a result of their
personal constraints. We put forward the hypothesis that this can have major impacts on findings
in terms of heterogeneity in VTT measures. This paper examines via simulation the bias in VI T
estimates and especially preference heterogeneity when such constraints are (not) accounted for.
We provide empirical evidence that preference heterogeneity is confounded with the travel
budget impact on the availabilities of alternatives, and show that there is a risk of producing
biased estimates for appraisal VTT if studies do not explicitly model choice set formation. The
inclusion of an opt-out alternative could be an effective measure to reduce the bias. This paper
also explores the potential use of non-linear functional forms to capture the time budget impacts.

Keywords: value of travel time (VTT), travel time constraints, non-linearities
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1 INTRODUCTION

Economic theory and empirical findings support the argument that the value of travel time (VTT)
is directly related to the stringency of time and money (budget) constraints. Recent empirical
advances explicitly model the impact of constraints through the use of choice set formation (/-3).
However, such constraints are typically not taken into account in some recent national value of
travel time studies (4). We hypothesize that not accounting for constraints could create
significant risks in producing biased VTT estimates based on stated choice (SC) data. In
particular, let us contrast two situations. If a traveller chooses a faster and more expensive option
for the reason of wanting to save time for other activities, then this should reasonably be seen as
this traveller doing so as his/her VTT is high enough to warrant paying the difference. If on the
other hand, the traveller is faced with two options departing at the same time and one being faster
than the other, then he/she might simply be choosing the more expensive and faster option due to
a constraint on needing to arrive by a specific time. In the majority of stated choice studies, the
respondent is not given the option of changing his/her departure time and there is thus a
substantial risk of constraints on timing influencing our findings on the VTT.

This paper studies the confounding impact on VTT estimates and especially preference
heterogeneity findings due to unaccounted (travel) time constraints. This confounding becomes,
in our view, even more important given the increasing popularity of Mixed Multinomial Logit
(MMNL) models explaining unobserved taste heterogeneity amongst respondents. This paper
argues that the estimated variance of the marginal utilities (and hence VTT) captured by the
MMNL models could in part be an artefact of constraints (or thresholds) rather than preference
heterogeneity. This is tested through the use of simulated data to simulate fixed or random VTT
amongst the simulated population, who are subject to either fixed or a mix of time budget
constraints. Using simulated data, we study the confounding effect that could happen when the
choice model is misspecified by ignoring the impact of travel time constraints. In addition, given
that the use of non-linear functional forms for utility function does not require any changes to the
choice model structure, this paper also illustrates the use of non-linear functional forms to catch
the tail of the VTT distributions where attribute levels exceed travel budgets.

This paper is organized as follows. The second section provides a review of existing
literature in constrained modelling. The simulated dataset and analytical framework are
described in Section 3. Section 4 summarizes model results. Section 5 discusses the implications
of including an opt-out option. Section 6 describes the use of non-linearities to capture the time
budget effects. Section 7 concludes.

2LITERATURE REVIEW

Budget constraints in SC experiments

The empirical measurement of VTT is inextricably linked to the theories of time allocation in
economics as they provide justification for the VTT concept. By implementing the time

allocation framework developed by DeSerpgif the empirical random utility model (RUM)

within the discrete choice setting, the VTT can be estimag#dte marginal rate of substitution
between travel time and cost in the conditional indirect utility function that is linear in income.

As the utility which appears in the empirical models is the indirect utility, which is a result from
decisions about consumption that is subject to both money and time budget constraints, the
budget constraints are implicitly accounted for within the discrete choice models in principle. In
practice, however, such budget constraints are not observed. This implies that researchers might
present unfeasible alternatives to respondents in the SC experiment and thus introduce bias when
unfeasible alternatives are modelled with non-zero choice probabilities. This problem is
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particulaty apparent within the SC context due to its hypothetical setting while in revealed
preference data, the chosen alternatives obsehzedd be within budget unless irrational

decisions are made. It is hypothesized in this study that money and time budget constraints are
latent by nature as suggested by Ahmed and Stophand hence it is inevitable that some
attribute levels set out by researchers in the SC experiment might exaeegspondents’

budget constraints.

Potential bias due to budget constraint

The potential bias due to model misspecifications for ignoring the impact of budget constraints
on the availabilities of alternatives was identified soon after the development of the discrete
choice modelling framework (7). Since then many studies had provided evidence that suggests
ignoring the impact of travel (or budget) constraints may lead to biased estimation. Amongst
these studies, Cantillo and Ortuz8y &nd Li, Adamowicz and Swait (9) estimated the
misspecified models which also allow for random taste heterogeneity. Cantillo and GBjuzar (
found seriouly biased estimates for VTT valuation in the presence of random attribute
thresholds and concluded that the MMNL model is not capable of capturing the non-
compensatory behaviour. Li, Adamowicz and Swait (9) assumed fixed tastes in simulated data
but found welfare measures that are biased even when choice set formation is purposefully
treated as taste heterogeneity in random parameter logit models. However, none of the above
have pinpointed the direct confounding issue between the taste heterogeneity and the attribute
thresholds. As such, this study aims to fill this research gap by allowing for random VTT that
vary across a simulated population to test the impacts on misspecified models. While our main
focus is on the impact of retrieving heterogeneity, it should be clear that bias can also arise in
fixed coefficients models.

Implications of budget constraints on choice set modelling tools

It is anticipated that examination of the potential confounding impacts on taste heterogeneity
findings due to unaccounted budget constraint effects could provide valuable insights into the
performance of existing choice set formation models. A full two-stage probabilistic choice set
model (1; 3) includes modelling a first stage non-compensatory decision-making process in
which travellers restrict their decisions to a particular subset of a full choice set in order to
conform to their travel budget constraints. This is followed by a compensatory second stage
where utilities are maximized within each subset of choice set. We hypothesize that if taste
heterogeneity is indeed confounded with the budget constraint effect during the choice set
generation stage, then it could also lead to bias in the choice evaluation stage. It is also
anticipated that such issues also applies to the single-stage constrained choice set models for
approximation of the constrained choice sets (2; 10).

3EMPIRICAL SETUP

3.1 Data generating process

Monte Carlo simulations

Simulated datasets are generated through a Monte Carlo simulation to provide empirical
evidence of the impacts of the budget constraints on the availabilities of alternatives. Simulated
datasets are used for this application as the data generating process is fully controlled while the
true parameters are available for fair comparisons across different model specifications. In this
exercise, we adopt a simple time-cost trade-off exercise, which has been used mostly in the
national value of time studies in Western Europe (4). The use of simple trade-offs has received
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increasing criticism as the valuations from more complex SC designs are deemed more reliable.
More complex choices are also thought to be more comprehensible to respondents (/7).
Nevertheless, such simple trade-offs are useful in this study to enable us to disentangle the
confounding effects, which is more difficult under the presence of more than two attributes.
Also, it is anticipated that the impact of budget constraints on alternative elimination would be
the most severe as only one alternative remains in the choice set when the counterpart gets
eliminated for exceeding the time budget thresholds. As such, we could explore the impact of
budget constraints at its most extreme condition. The findings from this exercise should provide
insights to researchers for further test on designs with more complex choices.

Choice scenarios

Within the simulated population, all pseudo-observed decision-makers are presented with two
alternatives, each with varying levels of travel time between 30 minutes and 75 minutes and
travel cost between £3 and £7.5. A full factorial design is first generated, with dominated choices
removed. A choice-rejection mechanism is enforced such that if the travel time attribute
presented exceeds the predefined time budget, the respective alternative is then rejected. To
retain the same number of observations across different budget threshold bands for fair
comparisons, the design only allows trade-offs between travel times where at most one
alternative exceeds the time budget of 45 minutes. For those choice tasks with both alternatives
retained, the simulation assumes that individuals make choices according to the standard random
utility maximizing rule. A total of 2,700 choice tasks are generated, where these choice tasks are
randomized and organized into 10 choice tasks each for 540 pseudo-observed decision-makers,
with each of the original choice tasks used twice.

Generation of choices

Using a random utility model, we write the utility U, ,, , that an individual n obtains from
choosing alternative i in choice task ¢ as being decomposed into an observed component V; ,,
and a random component &; ,, ;. The observed component of the utility of the time and cost trade-
offs can simply be written as:

Vi,n,t = IBtTi,n,t + lgcCi,n,t

where 7 is the time attribute and C is the cost attribute, while ; and [, refer to the marginal
utilities of time and cost respectively.

Four combinations of specifications for time sensitivities and time budget variations
across simulated population are set out to generate choices in this study while cost coefficients are
always kept fixed and linear. Mean time and cost coefficients are set as -0.075 and -0.90
respectively, thus resulting in a “true” mean VTT of £5/hr across the simulated population. The
four combinations used are as follows:

e Fixed time budget
o SetA - Fixed and linear time sensitivities of -0.075

o SetB - Negative lognormally distributed time sensitivities with an arithmetic mean

of -0.075 and standard deviation of 0.038
e Mixed time budget
o SetC - Fixed and linear time sensitivities of -0.075
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o SetD — Negative lognormally distributed time sensitivities with an arithmetic mean

of -0.075 and standard deviation of 0.038

Two sets of time budgets are tested in this study. The fixed budget assumption as in sets A
and B assumes all individuals share the same time budget threshold, which varies from the
unconstrained case of 75 minutes to 55 minutes in the most stringent scenario. The mixed budget
assumption as in sets C and D assumes that 50% of the simulated population are 10 minutes
more restricted in terms of the time budget when compared to the rest of the simulated
population.

3.2 Model estimations
A number of different model specifications were tested on the simulated data.

Fixed and linear time sensitivities
The multinomial logit (MNL) model is used for estimations of the fixed and linear time
sensitivities. Let P, (i| ) give the probability of respondent n (withn = 1, ..., N) for alternative
i (withi =1, ...,1I) in choice situation t (with t = 1, ..., T,;), conditional on a vector of taste
coefficients 8, with &; ,, ; following a Type I extreme value distribution, distributed identically
and independently across alternatives and choice situations. The choice probability given by the
MNL model then becomes P, . (i|8) = e"int / Z§=1 eVint The log-likelihood (LL) function,
conditional on 3, is given by:

N Tn

L) = > > 1 (Puclinel8))

n=1t=1

where j, . is the alternative chosen by respondent n in choice situation t. Since time sensitivities
are specified as fixed and linear in this set of scenarios, VIT can be computed by taking the ratio
of the partial derivatives of the utility against time and cost, which is the marginal rate of
substitution between time and cost, expressed as B;/ ..

Negative lognormally distributed time sensitivities

The MMNL model is used for estimations of the random VTT. In the MMNL model, the vector
of the taste coefficients § follows a random distribution across respondents, such that we

have [~ g(ﬁ| Q ), with Q representing a vector of parameters of the distribution of 8. In this
study we allow tastes to vary across respondents only but stay constant across choice situations
(cf. 12). The choice probability of the chosen alternative given by the MMNL model for
respondent n over a sequence of choices he/she faced becomes:

P.(Q) = jﬁ ]jpn,t(jn,t|ﬁ)g(ﬁ|9)dﬁ

The log-likelihood function is given by:

LL(Q)=Zln fﬁ lj(Pn,t(jn,tIﬁ)) 9(B|Q)dp
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We have assumed that the time sensitivities are negative lognormally distributed in the model
estimations where random VTT are estimated. 200 Halton draws are used to approximate the
integral through Monte Carlo simulation for all the MMNL models.

Non-linear time sensitivities

We finally test non-linear functional forms to catch the tail of the VTT distributions where
attribute levels exceed travel budgets. As such, the 3rd-degree polynomials with the form 41T +
Pe2T? + B3T3 specified for time sensitivities are estimated using the MNL models. In terms of
the VTT calculations, the partial derivative of the utility also depends on the time attribute due to
the non-linearities. For the time sensitivities formulated in 3rd-degree polynomial form, the VT T

becomes (Bey + 22T + 3B:3T?)/fe.

Incorporation of constraints

All scenarios are tested with and without the knowledge of the availabilities of alternatives (due
to constraints) for each choice task. The model runs with known availabilities of alternatives are
used for replicating the true parameters in the unbiased models while another set of model runs
are undertaken for testing the budget constraint impacts in the biased models.

4 EMPIRICAL RESULTS

We now present the results of the various models, where we look in turn at each simulated data
setting. For each model specified for estimation, 100 simulated data sets are drawn randomly. All
the model results reported are averages across all 100 simulated data sets.

4.1 Linear time sensitivitiesunder fixed time budget

Replication of time and cost sensitivities

When the availabilities of alternatives for all the choice tasks in the SC experiment are known to
the analyst, the MNL models can replicate the true time sensitivity of -0.075 consistently across
different levels of thresholds set out in the unbiased models (A1) as shown in Table 1. It is also
shown that MMNL models (B1) are able to retrieve the true arithmetic mean of -0.075 for time
sensitivity and standard deviation of 0.038 from the simulated population with negative
lognormally distributed time sensitivities. The true cost sensitivity of -0.9 is also consistently
retrieved from the models.

Model fit (p? and LL)

The unbiased models become more deterministic when alternatives are eliminated due to the
stringency of the time budgets since the probability of observing the chosen alternatives becomes
one for these choice tasks. It is shown that there is a significant improvement in LL from -2,967
in the unconstrained scenario to -1,400 when time budget is set at 55 minutes (A1), when fixed
tastes are assumed in the simulated data. Similarly, when random time sensitivities are included
in the data generating process, LL is improved from -3,036 to -1,416 (B1) in the unbiased
models. Since individuals are assumed to make their choices based on RUM-consistent
behaviour for the remaining choice tasks that are not eliminated, the true VIT of £5/hr can be
retrieved from these choice tasks. These results show that the true values can be replicated when
the model structure is properly specified and the availabilities of alternatives are known.

Biased estimates in MNL models when the availabilities of alternatives are unknown
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The fact that the availabilities of alternatives are unknown to the analyst has several implications
for the model estimation. First, respondents whose time constraints leave them with only one
viable option, are then forced to choose the faster but more expensive alternatives. As the time
constraints are unobserved by the analyst, the choice models consequently over-estimate the time
sensitivities given that the observed choice probabilities of the faster alternatives are higher
compared to the estimates in the unbiased scenarios when the availability of alternatives are
known to analysts. As shown in Table 1, time sensitivities are overstated significantly by 109%
from -0.075 to -0.157 when the time budget is restricted to 55 minutes (A2). VTT is also over-
estimated to a similar level, from £5/hr in the unconstrained scenario to £10.3/hr when a time
budget of 55 minutes is assumed. These findings of biased estimates for the VTT are in line with
the past empirical evidence discussed in Section 2.

Second, in the unconstrained scenarios when travel times presented are not restricted by
time budgets, some respondents would still choose the slower but cheaper alternatives due to any
unobserved factors, even when their VTT are higher than the boundary values of time. These
unobserved factors, which are represented as random errors in choice models, do not contribute
to the randomness of choices anymore once the time budget constraints are applied when faster
alternatives become the only viable choices. As such, the choice processes are estimated to be
more deterministic when the budget constraint impacts enter the model estimations. This
explains the increase of p? and LL from 0.21 and -2,970 in the unconstrained scenario to 0.45
and -2,058, respectively, when the budget is set at 55 minutes, even when no choice tasks are
omitted from the LL calculations.

Biased estimates in MMINL models when the availabilities of alternatives are unknown

Given the popularity of using MMNL models to capture preference heterogeneity, it is of
particular interest to understand whether the MMNL models can fully capture the preference
heterogeneity even when some attribute levels exceed the time budget thresholds of respondents.
As shown in Table 1, the MMNL models increasingly fail to capture the preference heterogeneity
inherent to the true data set when the time budgets become more stringent (B2). The standard
deviation of the negative lognormally distributed time sensitivities are reduced from 0.037 in the
unconstrained scenario to 0.028 and 0.018 when the time budget thresholds are set at 70 minutes
and 60 minutes respectively. At the time budget threshold of 55 minutes, the MMNL model fails
to capture any preference heterogeneity with the arithmetic mean estimated at -0.154. This
arithmetic mean estimate is similar to the biased marginal time utility estimated at -0.157 by the
MNL model (A2) when the time budget threshold is 55 minutes. This implies that the MMNL
model effectively treats all respondents as having high time sensitivities.

To explain this further, let us consider the situation in which people have heterogeneous
time sensitivities across the sample. When the time budget constraints are stringent, individuals
who have low VTT are forced to choose the fast but expensive alternatives as opposed to the
slow and cheap alternatives which they prefer. On the other hand, individuals who have high
VTT would also choose the fast but expensive alternatives, either due to their high willingness to
pay in the unconstrained choice situations, or due to the budget constraints in the constrained
situations. If, as a result, the choice outcomes are the same between these two groups of
individuals who share distinctly different VTT, the MMNL model cannot detect any differences
in tastes between them when the time budget constraints are not accounted for. It demonstrates
that the use of MMNL model could potentially produce misleading findings of a lack of
preference heterogeneity, when in fact the preference heterogeneity is simply suppressed by the
severe time budget constraints in the model estimations which dominate completely. Similarly, it
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is also shown that the VTT estimates produced by the MMNL models (B2) align closely with the
estimates generated by the biased MNL models (A2) at all levels of the time budget constraints.
Both the MNL and MMNL models over-estimate the VIT by twofold in the most extreme case,
at around £10.3/hr approximately due to the inflated time sensitivities. Cost sensitivities on the
other hand are not affected by the time budget constraints and the MMNL models are able to
retrieve the true value of -0.90.

4.2 Linear time sensitivities under mixed time budgets

Replication of parameters when the availabilities of alternatives are known

It has been shown above that the MMNL models could produce misleading findings with respect
to the presence of preference heterogeneity when all respondents share the same time budget
thresholds. This section further introduces mixed time budget thresholds to the model
estimations, which assumes that two randomly selected groups within the simulated population
share distinctly different perceptions of the time budget constraints. Within this setting, half of
the respondents perceive their time budget constraints to be 10 minutes more restrictive in
comparison with the rest of the population (e.g., time budget constraints of 60 minutes and 70
minutes perceived by half of the respondents respectively). The objective of this exercise is to
examine whether further confounding of preference heterogeneity would occur when budget
thresholds are not fixed amongst individuals. In the unbiased scenarios where the availabilities of
alternatives subject to the budget constraints are known to analyst, all true values assumed in the
data generating process (VTT of £5/hr, mean time sensitivity of -0.075 and cost sensitivity of -
0.90) are retrieved (C1 and D1 in Table 2).

Biased estimates when the availabilities of alternatives are unknown

Similar to the findings from scenarios where fixed time budgets are assumed amongst
individuals, the biased models over-estimate time sensitivities when the mixed time budget
constraints are stringent. In the most restrictive scenario where half of the respondents perceive
the time constraints to be either 55 minutes or 45 minutes, time sensitivity is over-estimated by
123%, from -0.075 to -0.165 (C2 vs. C1 in Table 2). Apart from the inflated time sensitivities
due to unaccounted time budget constraints, we again test whether the MMNL specification for
the model estimations would lead to biased results. In general, model results show that the
misspecified MMNL models (C3) pick up preference heterogeneity that does not exist in the data
generating process. In the scenario where the mixed time budget constraint is the most stringent,
the misspecified MMNL model estimates the standard deviation of the time sensitivity at 0.037,
with a #-statistic that is significant at 6.5. This provides evidence that the MMNL model could
potentially misinterpret the effects of mixed budget thresholds as preference heterogeneity. In
other words, despite the fact that all individuals share the same VTT, choice probabilities for the
chosen alternatives could still vary significantly across the population according to the mixed
budget threshold setting.

To put this issue into context, let us assume a case where all individuals are willing to
pay £1.25 to save 15 minutes of travel time (i.e., a VIT of £5/hr). They are then asked to choose
between the free alternative, which requires 60 minutes of travel time, and the tolled alternative,
which costs £2 for a 45-minute journey. Since the toll charge is higher than the willingness to
pay to save 15 minutes of travel time for all individuals, they are likely to choose the free
alternative over the tolled alternative. Now assume that some but not all of these respondents are
also subject to a time budget threshold of 55 minutes, the tolled alternative then becomes the
only available option due to the budget constraints, rather than the free alternative that they
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prefer. As the time budget variations amongst individuals are unobserved, the choice models thus
wrongly attribute such effects to the differences in taste heterogeneity amongst population
instead.

The difficulties of distinguishing whether the variations in choice probabilities are due
to preference heterogeneity or differences in budget thresholds are further complicated when
both the budget thresholds and tastes vary amongst individuals. On one hand, we would
anticipate that the MMNL model could not fully capture the preference heterogeneity assumed in
the simulated data set when the travel budget constraints are applied, as described in Section 4.1.
On the other hand, we also expect that the MMNL model would wrongly attribute the mixed
budget effects as taste heterogeneity when time budgets are very stringent. As the variations of
time budgets amongst individuals are unknown to the analyst, there is substantial risk that
misleading findings of taste heterogeneity can also be attributed to a mix of these two opposite
effects. The model results across different levels of stringency of time budgets for simulated data

where random time sensitivities and mixed time budgets are assumed are shown in D2 in Table
2.

5 INCLUSION OF AN OPT-OUT ALTERNATIVE

The inclusion of an opt-out alternative, or sometimes referred to as the ‘no choice’, ‘neither’,
‘none of these’ or ‘status quo’ alternative in SC scenarios has been widely discussed in the past.
It has been argued that the inclusion of an opt-out alternative increases both the realism of the SC
choice tasks and the statistical efficiency of model estimations (cf. /3). Given the
aforementioned risk of confounding impacts on the taste heterogeneity findings due to
unaccounted budget constraint effects, it is our interest to explore the effectiveness of the opt-out
alternative to reduce the bias associated with budget constraints in the valuation of VTT.

Model specifications including fixed time budget thresholds and negative lognormally
distributed time sensitivities (B2 in Table 1) are retained as the basis for the new data generating
process to generate choices for the scenarios that include opt-out alternatives. The utility of the
new opt-out alternative is represented by an alternative-specific constant (ASC), where a value of
-9.0 is assigned to the opt-out alternative to represent the dis-benefits from not being able to
travel. This results in approximately 25% of individuals choosing the opt-out alternative in the
unconstrained scenario, with a choice probability of 37.5% approximately for any of the two
travel alternatives. This setting implies that the dis-utilities of not travelling are slightly larger
than the dis-utilities of the travel alternatives in the unconstrained situation, ensuring that the opt-
out alternative is not overly attractive relative to the two travel alternatives.

Similar to the unbiased model results presented earlier, all the true values including the
arithmetic mean and standard deviation parameters of the time coefficients, cost coefficients, and
the ASC values of -9.0 for the opt-out alternatives are retrieved when the availabilities of
alternatives are known to the analyst (B1 in Table 3). When the availabilities of alternatives are
unknown, taste heterogeneity assumed in the data generating process cannot be retrieved fully
(B2 in Table 3), but the level of bias is not as strong as that in the binary choices examined
earlier. When the time budget threshold is set to 55 minutes, the arithmetic mean and standard
deviation of the time coefficient change from -0.075 and 0.038 in the unconstrained case to -
0.145 and 0.032, respectively, in the model that includes an opt-out alternative. This is compared
to the arithmetic mean of -0.154 and a complete loss of taste heterogeneity in binary choices
without an opt-out alternative (B2 in Table 1). It is noted that the capability of recovering taste
heterogeneity under the presence of the opt-out alternative would depend on both the SC design
and the value of the ASC assigned. The SC design implemented in this study only allows one out

10



00O~NO OIS WN P

Tjiong, Hess, Dekker, and Ojeda-Cabral

of two travel alternatives to exceed the budget thresholds. This setting always allows respondents
to choose between the opt-out alternative and at least one other travel alternative, which
facilitates the retrieval of the true preference from these trade-offs. In practice, the recovery of
some taste heterogeneity might be somewhat less effective since the respondents could be forced
to choose the opt-out alternative only when both the travel alternatives presented exceed their
budget thresholds. In summary, the inclusion of the opt-out alternative would provide more
information to the choice model to explain taste heterogeneity but cannot fully eliminate the
confounding issue when the budget constraints are not accounted for in the choice model.

6 NON-LINEARITIES

Replication of parameters when the availabilities of alternatives are known

This section switches our focus to the incorporation of non-linearities in the model specifications
to capture potential budget constraint effects. We have demonstrated in earlier sections that the
confounding of taste heterogeneity findings due to unaccounted budget constraint effects could
potentially lead to significant bias in the VTT estimation. We also hypothesize that travel budget
constraints are latent in nature, which are difficult to measure without the use of more
complicated probabilistic choice set formation models. It is thus useful to examine whether non-
linear functional forms could capture the kink of travel dis-utilities, which could occur when
stringent budget constraints are applied. This could potentially provide useful insights to
researcher on the possibility that particular attribute levels set out in SC designs are beyond
budget thresholds for some decision-makers.

A 3rd-degree polynomial functional form for time sensitivities is adopted for testing the
use of non-linear functional forms in this study. Model results show that the 3rd-degree
polynomial functional forms produce very similar cost sensitivities, LL and p? (E1 in Table 4) as
in the MNL models (A1 in Table 1) when the availabilities of alternatives are known to the
analyst. Overall, it appears that the 3rd-degree polynomial form specified for time sensitivities
collapses to a linear form in the unbiased models, as the estimated time coefficients for the
second and third polynomial terms are very small. The true VTT of £5/hr, estimated in quadratic
forms as described in Section 3.2, is retrieved across all levels of the budget thresholds and
attribute levels.

Biased parameters when the availabilities of alternatives are unknown
Model results estimated when the availabilities of alternatives are unknown to the analyst are
summarized in set E2 in Table 4. The VTT estimates produced by the polynomial utility
functional forms are shown to be highly sensitive to the attribute levels of the travel time, as
opposed to the VTT estimates in unbiased models that are stable across attribute levels. For
instance, when the time budget threshold is set at 55 minutes, the VTT escalates from £91/hr to
£184/hr when the journey times increase from 65 minutes to 75 minutes, as shown in Figure 1.
These exceptionally high VTT estimates show that respondents are highly unlikely to choose the
alternatives where travel times presented are beyond the time budgets, and could become useful
indicators to highlight the significant impacts of the budget constraints on the VTT valuation.
Now we examine whether the flexible utility functional forms could capture the tail of
the VTT distributions where the attribute levels exceed the travel budgets of the respondents.
Figure 1 also shows the utility levels that are related to the travel time components only. It can be
seen that the time dis-utilities increase significantly only when time attributes presented are
beyond the budget thresholds. For instance, when time budget is set at 55 minutes, the
polynomial utility function produces a stable utility level for journeys that last between 30
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minutes and 55 minutes. Beyond that, the travel time dis-utilities increase significantly as the
time attribute values exceed the designated time budget of 55 minutes. This indicates that the use
of the 3rd-degree polynomial utility function could become a convenient and effective approach
to detect the potential budget constraint effects in SC data.

7 CONCLUSIONS

This paper has sought to provide a detailed assessment of the impact of time budget constraints
on the VTT estimates and the identification of preference heterogeneity, when explicit modelling
of choice set formation is not involved. We first show that if time budgets are stringent but not
accounted for, VIT can be significantly overestimated. Secondly, this paper has provided a
comprehensive set of empirical evidence to understand the confounding impact on preference
heterogeneity findings due to the unaccounted budget constraint effects across a range of time
budget stringency. It is found that the MMNL model fails to capture any preference
heterogeneity and collapses to a MNL model when the travel budget is very binding within a
binary choice and deterministic alternative elimination setting. We also found that the MMNL
model could also wrongly attribute the impacts of the mixed time budget constraints to the
findings of preference heterogeneity.

We found that including an opt-out alternative could potentially help retrieve some but
not all preference heterogeneity under the presence of budget constraints. Our findings from this
study also raise some further questions. First, the question arises whether the confounding issue
also occurs at the non-compensatory stage of the choice set formation models (e.g., the Manski-
type models). Second, how can we disentangle the confounding effects using real life SC data.
Third, there is a need for a comparative analysis to assess the differences between the single-
stage semi-compensatory model for approximation of constrained choice sets (e.g., the
constrained multinomial logit model) and the simple non-linear functional forms, given that
simple non-linear functions could potentially capture the kink of the time sensitivities when
subject to binding budget constraints.

It should be noted that if the SC surveys adequately capture rescheduling by allowing
respondents to trade travel time and cost differences against re-timing of their departure and/or
arrival times, then many of these aforementioned issues could be avoided or at least reduced (cf.
14). While there are many VTT studies that have analysed the impact of trip rescheduling, most
appraisal VIT measures for national or regional infrastructure projects are estimated without
taking into consideration the possibility of trip rescheduling (/5). In this context, we question
whether such approaches, especially for the studies which rely on simple time-money trade-offs,
could avoid or reduce any potential bias on the VTT estimates that might result from
unaccounted for travel budget impacts.

This study represents a key step for extending our knowledge of the impact of budget
constraints. Future extensions to the simulation work would include varying number of attribute
and alternatives, enabling multiple budget constraints and different decision strategies dealing
with budget constraints, and improving realism in the assumption of budget constraints.

ACKNOWLEDGEMENT

The first author acknowledges financial support by the Economic and Social Research Council
[Grant ES/J500215/1]. The second author acknowledges financial support by the European
Research Council through the consolidator grant 615596-DECISIONS.

AUTHOR CONTRIBUTION STATEMENT

12



ONO O WNLPE

Tjiong, Hess, Dekker, and Ojeda-Cabral

The authors confirm contribution to the paper as follows: study conception and design: Tjiong,

Dekker, Hessgeneration of simulated dafgjiong; analysis and interpretation of results: all

authors; draft manuscript preparation: all authors. All authors reviewed the results and approved

the final version of the manuscript.
REFERENCES

[1] Manski, C. F. The structure of random utility models. Theory and decision, Vol. 8, No. 3,
1977, pp. 229-254.

[2] Martinez, F., F. Aguila, and R. Hurtubia. The constrained multinomial logit: A semi-
compensatory choice model. Transportation Research Part B: Methodological, Vol. 43, No. 3,
2009, pp. 365-377.

[3] Swait, J., and M. Ben-Akiva. Incorporating random constraints in discrete models of choice
set generation. Transportation Research Part B: Methodological, Vol. 21, No. 2, 1987, pp. 91-
102.

[4] Hess, S., A. Daly, T. Dekker, M. O. Cabral, and R. Batley. A framework for capturing
heterogeneity, heteroskedasticity, non-linearity, reference dependence and design artefacts in
value of time research. Transportation Research Part B: Methodological, Vol. 96, 2017, pp. 126-
149.

[5] DeSerpa, A. A theory of the economics of time. The economic journal, Vol. 81, No. 324,
1971, pp. 828-846.

[6] Ahmed, A., and P. Stopher. Seventy minutes plus or minus 10—A review of travel time budget
studies. Transport Reviews, Vol. 34, No. 5, 2014, pp. 607-625.

[7] Williams, H., and J. d. D. Ortuzar. Behavioural travel theories, model specification and the
response error problem. 1979.

[8] Cantillo, V., and J. d. D. Ortuzar. A semi-compensatory discrete choice model with explicit
attribute thresholds of perception. Transportation Research Part B: Methodological, Vol. 39, No.
7, 2005, pp. 641-657.

[9] Li, L., W. Adamowicz, and J. Swait. The eftect of choice set misspecification on welfare
measures in random utility models. Resource and Energy Economics, Vol. 42, 2015, pp. 71-92.
[10] Swait, J. A non-compensatory choice model incorporating attribute cutoffs. Transportation
Research Part B: Methodological, Vol. 35, No. 10, 2001, pp. 903-928.

[11] Hess, S., A. Daly, and M. Borjesson. A critical appraisal of the use of simple time-money
trade-offs for appraisal value of time measures. 2016.

[12] Hess, S., and K. E. Train. Recovery of inter-and intra-personal heterogeneity using mixed
logit models. Transportation Research Part B: Methodological, Vol. 45, No. 7, 2011, pp. 973-
990.

[13] Kontoleon, A., and M. Yabe. Assessing the impacts of alternative ‘opt-out’ formats in
choice experiment studies: consumer preferences for genetically modified content and
production information in food. Journal of Agricultural policy and Resources, Vol. 5, No. 1,
2003, pp. 1-43.

[14] Hess, S., J. W. Polak, A. Daly, and G. Hyman. Flexible substitution patterns in models of
mode and time of day choice: new evidence from the UK and the Netherlands. Transportation,
Vol. 34, No. 2, 2007, pp. 213-238.

[15] de Jong, G. C., and M. C. Bliemer. On including travel time reliability of road traffic in
appraisal. Transportation Research Part A: Policy and Practice, Vol. 73, 2015, pp. 80-95.

13



1
2

Tjiong, Hess, Dekker, and Ojeda-Cabral

TABLE 1 — Estimation results for linear time and fixed time budget in DGP

Budget Bt Bc VTT (£/hr)
Threshold p? LL
(min) Mean l t-stat ‘ SD t-stat Est t-stat | Mean | SD
DGP: Fixed Time Budget - Linear Time - Fixd
Al - UNBIASED : : : : :
EST: Fixed Time Budget - Linear Time - Fix@d(MNL)
75 0.21 -2,966.57 -0.075 311 - - -0.905| 31.6 4.99 -
70 0.30 -2,619.77 -0.075 26.7 - - -0.896 | 29.4 5.00 -
65 0.40 -2,230.36 -0.075 22.5 - - -0.900 | 26.7 4.99 -
60 0.51 -1,822.36 -0.075 18.0 - - -0.899 | 23.9 5.00 -
55 0.63 -1,399.64 -0.076 13.7 - - -0.905| 20.7 5.03 -
DGP: Fixed Time Budget - Linear Time - Rand@m
B1 - UNBIASED : - - :
EST: Fixed Time Budget - Linear Time - Rand@n(MMNL)
75 0.19 -3,035.94 -0.075 61.4 0.037 143 | -0.899 | 29.0 5.02 | 2.50
70 0.29 -2,657.06 -0.075 54.0 0.038 125 | -0.903| 27.2 5.02 | 2.52
65 0.40 -2,254.72 -0.076 46.3 0.037 10.0 | -0.908| 24.9 5.04 | 2.46
60 0.51 -1,843.73 -0.074 37.8 0.037 7.6 | -0.897| 223 498 | 2.47
55 0.62 -1,415.61 -0.075 28.9 0.036 5.2 -0.900| 19.1 5.03 | 2.47
DGP: Fixed Time Budget - Linear Time - Fixéd
A2 - BIASED - - . - -
EST: Fixed Time Budget - Linear Time - Fixéd(MNL)
75 0.21 -2970.04 -0.075 311 - - -0.901| 314 5.01 -
70 0.24 -2843.25 -0.090 34.2 - - -0.917| 31.8 5.88 -
65 0.29 -2650.01 -0.108 37.2 - - -0.932| 32.0 6.94 -
60 0.36 -2382.77 -0.130 38.9 - - -0.941| 31.1 8.31 -
55 0.45 -2057.62 -0.157 38.9 - - -0.914| 285 | 10.31 -
DGP: Fixed Time Budget - Linear Time - Rand@m
B2 - BIASED - - . -
EST: Fixed Time Budget - Linear Time - Rand@n(MMNL)
75 0.19 -3035.08 -0.075 61.5 0.037 142 | -0.900| 29.2 501 | 25
70 0.22 -2924.34 -0.089 70.8 0.028 10.5 | -0.906 | 29.6 590 | 1.9
65 0.27 -2722.02 -0.106 75.6 0.018 5.7 -0.904 | 29.7 7.01 1.2
60 0.35 -2431.31 -0.126 76.5 0.004 0.8 | -0.899| 29.7 8.40 | 0.3
55 0.44 -2078.23 -0.154 715 0.000 05 | -0.890| 28.2 | 10.40 | 0.0
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TABLE 2 — Estimation results for linear time and mixed time budget in DGP

Budget Bt Bc VTT (£/hr)
Threshold p? LL
(min) Mean l t-stat ‘ SD ‘ t-stat Est t-stat | Mean SD
DGP: Mixed Time Budget (50-50%) - Linear Time - Fixgd
C1- UNBIASED : : : : :
EST: Mixed Time Budget (50-50%) - Linear Time - FixBd(MNL)
75 & 65 0.30 | -2,603.35 | -0.075 | 27.2 - - -0.900 29.3 4.99 -
70 & 60 0.41 | -2,220.83 | -0.075 | 22.9 - - -0.894 | 26.7 5.01 -
65 & 55 0.51 | -1,816.17 | -0.074 18.7 - - -0.898 24.1 4.97 -
60 & 50 0.62 | -1,404.34 | -0.075 14.7 - - -0.901 21.1 4.98 -
55 & 45 0.74 | -989.32 -0.075 10.6 - - -0.898 17.3 4.98 -
DGP: Mixed Time Budget (50-50%) - Linear Time - Randfm
D1 - UNBIASED - - - :
EST: Mixed Time Budget (50-50%) - Linear Time - RandBnfMMNL)
75 & 65 0.29 | -2,641.81 | -0.076 54.7 0.037 12.4 -0.904 | 27.2 5.02 25
70 & 60 0.40 | -2,244.51 | -0.075 47.1 0.037 10.2 -0.905 25.0 4.98 25
65 & 55 0.51 | -1,840.67 | -0.074 38.5 0.038 8.3 -0.898 22.4 4.99 25
60 & 50 0.62 | -1,416.85 | -0.075 31.1 0.036 5.7 -0.896 19.6 5.03 2.4
55 & 45 0.73 | -998.14 -0.069 235 0.034 5.2 -0.905 16.3 4.97 25
DGP: Mixed Time Budget (50-50%) - Linear Time - FixRd
C2- BIASED - . X - ;
EST: Mixed Time Budget (50-50%) - Linear Time - FixRd(MNL)
75 & 65 0.24 | -2,860.52 | -0.089 | 33.2 - - -0.895 31.6 5.95 -
70 & 60 0.28 | -2,689.35 | -0.104 | 35.1 - - -0.892 31.2 7.03 -
65 & 55 0.35 | -2,441.55 | -0.124 | 36.7 - - -0.877 29.7 8.49 -
60 & 50 0.42 | -2,160.86 | -0.144 | 37.0 - - -0.819 269 | 10.58 -
55 & 45 0.51 | -1,833.58 | -0.165 | 36.1 - - -0.684 | 21.0 | 14.49 -
C3- BIASED DGP: Mixed Time Budget (50-50%) - Linear Time - FixRd
(MISSPECIFIED) EST:  Mixed Time Budget (50-50%) - Linear Time - RandpnMMNL)
75 & 65 0.24 | -2,858.18 | -0.091 77.3 0.014 5.0 -0.920 30.4 5.95 0.9
70 & 60 0.28 | -2,675.94 | -0.109 75.9 0.016 5.0 -0.922 29.8 7.07 1.0
65 & 55 0.35 | -2,443.43 | -0.129 71.4 0.019 5.4 -0.906 28.3 8.53 1.3
60 & 50 0.42 | -2,152.58 | -0.153 63.7 0.025 5.9 -0.858 25.7 | 10.69 1.8
55 & 45 0.51 | -1,832.06 | -0.180 51.8 0.037 6.5 -0.736 20.2 | 14.70 3.0
DGP: Mixed Time Budget (50-50%) - Linear Time - Randfm
D2 - BIASED : : : :
EST: Mixed Time Budget (50-50%) - Linear Time - Rand@nfMMNL)
75 & 65 0.22 | -2,929.18 | -0.091 66.2 0.036 13.6 -0.909 29.5 6.04 24
70 & 60 0.27 | -2,739.95 | -0.109 70.0 0.031 11.3 -0.910 29.5 7.17 21
65 & 55 0.34 | -2,481.53 | -0.130 67.8 0.030 9.7 -0.902 28.0 8.66 2.0
60 & 50 0.42 | -2,169.94 | -0.155 61.6 0.034 8.7 -0.859 25.7 | 10.86 24
55 & 45 0.51 | -1,829.64 | -0.183 51.2 0.042 7.5 -0.737 20.2 | 14.90 3.4
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TABLE 3 — Estimation results for inclusion of the opt-out alternative

TErlgglitld p? LL P Be VTT (E/hr) Aosli g)rt%?wt
(min) Mean | tstat | SD | tstat | Es |tstat | Mean | SD | Est | tsta
B1 - UNBIASED DGP: | Fixed Time Budget - Linear Time - Rand@m
(W/ OPT-OUT) EST: | Fixed Time Budget - Linear Time - Rand@n(MMNL)
75 0.23 | -4567.86 | -0.075 65.1 0.037 20.2 | -0.902| 345 5.00 | 2.50| -9.027| -36.7
65 0.31 | -4108.58 | -0.075 525 0.038 18.1 | -0.903| 32.2 5.01 | 252 | -9.028| -32.5
60 0.35 | -3875.24 | -0.075 46.0 0.038 16.8 | -0.899| 31.0 5.03 | 2.52 | -9.002| -30.2
55 0.39 | -3635.90 | -0.075 39.5 0.038 15.3 | -0.899| 30.0 5.00 | 2.52 | -8.988| -28.2
B2 _ BIASED DGP: | Fixed Time Budget - Linear Time - Rand@mn
(W/ OPT-OUT) EST: | Fixed Time Budget - Linear Time - Rand@n(MMNL)
75 0.23 | -4574.10 | -0.075 65.1 0.038 20.4 | -0.901| 34.7 5.03 25| -9.01 | -36.9
65 0.24 | -4495.65 | -0.105 80.9 0.033 20.3 | -0.929| 355 6.82 2.1 | -10.36| -40.3
60 0.26 | -4379.86 | -0.124 84.5 0.032 20.2 | -0.927| 35.2 8.05 2.1 | -11.05| -41.6
55 0.29 | -4218.61 | -0.145 83.1 0.032 19.3 | -0.902| 33.2 9.68 21 | -11.67| -41.1
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TABLE 4 — Estimation results for linear time and fixed time budget in DGP but estimated
by non-linear functional form

Budget B B VTT
Threshold p? LL Bi1 B2 Bt3
(min) Est | tstat | (E/hr)
Et |tstat | Es | tsat | Est | tsa
DGP: Fixed Time Budget - Linear Time - Fixgd
E1- UNBIASED : : : , , _
EST: Fixed Time Budget - Non-linear Time'{alegree polynomia)s Fixedp: (MNL)
75 0.21 | -2,968.33 | -0.162 8.1 0.0017 8.8 -1.1E-05 | 4598 | -0.901| 29.9 4.79
70 0.30 | -2,616.84 | -0.129 | 4.8 0.0012 6.4 | -8.1E-06 | 39.07 | -0.896 | 28.3 4.86
65 0.40 | -2,225.71 | -0.087 | 2.8 0.0002 4.4 | -1.7E-06 | 27.19 | -0.905| 26.3 4.96
60 0.51| -1,819.41 | -0.116 | 1.6 0.0009 1.8 | -6.1E-06 | 8.92 | -0.902| 23.7 4.92
55 0.62 | -1,401.19 | -0.021 24 -0.0013 55 1.1E-05 5.95 | -0.898 | 20.7 4.95
DGP: Fixed Time Budget - Linear Time - Fixéd
E2 - BIASED : : : : : :
EST: Fixed Time Budget - Non-linear Time'{3legree polynomia)s Fixedp: (MNL)
75 0.21 | -2,965.66 | -0.164 7.6 0.0018 8.2 -1.2E-05 445 | -0.901| 30.1 4.78
70 0.27 | -2,728.27 | -0.914 112 0.0187 | 606.5 | -1.3E-04 | 174.9 | -0.844 | 28.0 2.65
65 0.37 | -2,347.61 | -1.486| 103 0.0325 | 256.4 | -2.4E-04 | 343.6 | -0.840| 26.0 1.80
60 0.48 | -1,943.58 | -2.330| 222 0.0538 | 984.8 | -4.2E-04 | 187.0 | -0.834 | 23.5 1.89
55 0.60 | -1,507.56 | -3.933| 349 0.0957 | 273.7 | -7.7E-04 | 490.4 | -0.852 | 21.2 4.78

17




Tjiong, Hess, Dekker, and Ojeda-Cabral

1  Figure 1 -VTT estimates and travel dis-utilities estimated by non-linear functional form
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