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ABSTRACT
Random regret minimization models have mostly relied on the
assumption of identically and independently distributed error terms.
Professionally designed stated choice experiments use various
design and implementation principles to ensure that any errorsmeet
this assumption. Based on the behavioral theory that individuals
arrive at a decision by first processing the attribute values of a choice
alternative according to an integration rule to derive the stochas-
tic utility associated with the choice alternatives and then apply the
deterministic utility maximizing rule, this assumption can be reason-
able met for utility maximizing models. The question is whether this
assumption is equally defendable for random regret minimization
models in light of the difference in model specification, rooted in
fundamental behavioral differences between the underlying deci-
sion theories. This study focuses on the effect of omitted variables
which is one of main sources of error. Based on a formal analysis
and empirical comparison, we argue and show that omitted vari-
ables cause correlation between unobserved regrets. Consequently,
the independence assumption is difficult to defend because the
omitted variables simultaneously affect the comparison of choice
alternatives. To capture this effect, we propose an error components
structure for regret-based choice models. Empirical results obtained
for classic random regret-minimizationmodels for two different data
sets support our theoretical arguments. If these results can be gener-
alized to other data sets, it is advisable to adopt an error components
structure when estimating these classic random regret-minimization
models unless one has reason to believe the effect of the omitted
variables is small and therefore can be ignored.
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1. Introduction

Discrete choicemodels have foundmany applications in travel demand forecasting, replac-
ing traditional aggregate transport demand models. The imposed dominant decision rule
has been the principle of utility maximization, which postulates that individuals derive
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a stochastic utility from their choice of an alternative, and choose the alternative that
maximizes their utility. Choice models can be differentiated according to assumptions
made about the variance-covariance matrix of the error terms of the utility function. The
most common assumption is that error terms are identically and independently Gum-
bel distributed (IID-Gumbel). This assumption leads to the multinomial logit (MNL) model
(McFadden 1974).

Recently, regret-based choice models (Chorus, Arentze, and Timmermans 2008) have
attracted the attention of several scholars in transportation research as an alternative for
the utility-based choicemodels. Based on seminal regret theory (Loomes and Sugden 1982,
1983, 1987; Bell 1982;Quiggin1994), thesemodels assume that individuals arrive at a choice
by minimize regret instead of maximizing utility, where regret has been defined as a neg-
ative emotion that stems from the comparison of alternatives when an individual realizes
he/she did not choose the best alternative after all. While the specification of the regret
function has been subject of theoretical and empirical discussion, leading to several alter-
native specifications, random regret minimization models have almost invariably assumed
that the error terms are IID Gumbel distributed under the principle of regret minimization.
Originally, this assumption has primarily been made for convenience; most recently the
assumption has been subject of critical reflection.

After its introduction, research on regret models has focused on the empirical per-
formance of RRM models relative to RUM models (e.g. Chorus 2012a; Boeri and Masiero
2014; Sharma, Hickman, and Nassir 2019; Masiero, Yang, and Qiu 2019) using the MNL
specification. These studies have assumed that unobserved regrets are identically and
independently distributed. However, considering that regret is defined based on pairwise
comparisons of alternatives, this assumption may be difficult to defend. Therefore, in this
paper, the common specification of the error terms in classic random regret minimization
models is put to scrutiny. In a previous paper (Jang, Rasouli, and Timmermans 2017), we
focused on the effect of measurement error. In this paper, we explore the effect of omitted
variables.

Manski (1973) identified four main sources of error: (1) measurement errors, (2) omitted
(relevant) attributes, (3) unobserved individual characteristics (‘unobserved taste varia-
tions’), (4) proxy or instrumental variables. These sources of errormay cause significant bias
in model results and may thus prevent researchers formulating the right transport policy
recommendations. Among these possible sources of error, omission of relevant variables
introduces bias in model parameters, and may lead to incorrect inferences (Washington,
Karlaftis, and Mannering 2010). For a variety of reasons, the number of variables included
in the deterministic part of the utility/regret function is limited. First, the principle of par-
simony is still widely adopted in travel behavior research. A simple equation with few
variables is still seen as the hallmark of academic research. Secondly, many models of
travel demand are estimated from secondary data sets, which tend to contain general-
purpose variables of limited scope and depth. Consequently, researchers have no choice
but to accept and use the available data. Thirdly, even when researchers know that a larger
set of variables is potentially influential to the phenomenon under investigation, budget
constraints and/or (un)justified concerns about survey length and complexity reduce the
number and kind of explanatory variables.

The most common way to dampen the effect of omitted variables in RUM models is to
use alternative specific constants (ASCs) (e.g. Tardiff 1978; Ben-Akiva and Lerman 1985).
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The ASCs have been used in the RUM models to reflect the average effect of the omitted
variables (e.g. Hensher, Rose, andGreene 2015), assuming the omitted variable is not corre-
lated with other variables, and the effect of the omitted variable is alternative-specific. The
detailed effect of omitted variables in random regretminimizationmodels has not received
much attention yet. To the best of our knowledge, only Van Cranenburgh and Prato (2016)
examined the problem and argued that (choice set specific) ASCs are necessary for the
RRM to achieve consistent parameter estimates. Considering the definition of ASCs, even
if these constants are choice set specific, it implies that the error (unobserved regret) by
omitted variables is specific for each alternative. However, realizing that the very notion of
regret is based on a systematic comparison of alternatives, the question is whether their
suggested approach can sufficiently offset the effect of omitted variables in random regret
minimization models as ASCs do in random utility maximization models.

This study, therefore, investigates whether/how omitted variables differently affect
(linear-additive) RUMandRRMmodels. Since thebehavioral underpinningsof thesemodels
differ, the bias caused by omitted variables in RRM models is also expected to be different
from RUMmodels. It will be shown that, whereas the errors caused by omitted variables in
RUMmodels are alternative-specific and independent, errors in RRMmodels are specific for
pairs of chosen and non-chosen alternatives, and correlated with each other. Furthermore,
it will be explored how these effects can be more effectively cancelled in RRMmodels.

2. Formal analysis

In this section, we formally compare how the effect of omitted variables differs between
RUM and RRM. Each variable is assumed to be exogenous, therefore, independent.

2.1. Randomutilitymaximizationmodels

According to randomutility theory (McFadden1974), researchers have commonly assumed
that utility consists of two components: a deterministic and a random part. Consequently,
the total utility of alternative i of individual n can be formulated as:

Uin = Vin + εin (1)

The deterministic utility Vin is generally expressed as a linear-additive function of
observed attributes. Assume a binary choice set includes only a single variable (k = 1).
The (deterministic) attribute-level utility of individual n for alternative i can then be
formulated as

Vin = βkxink (2)

Then, extending tomulti-attribute choice alternatives (k = 1, 2, 3, . . . , K), the determin-
istic utility is defined as the sum of attribute-level utilities.

Vin =
K∑

k=1

βkxink (3)

Based on the logit structure with identical and independent Gumbel distributed error
terms, since (linear-additive) random utility models assume that individuals assess each
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alternative independently and separately, any additional alternative in the choice set does
not affect the utility and choice odds. This property is called the Independence of Irrelevant
Alternatives (IIA) property (Arrow 1951).

If the Kth variable is omitted from the utility specification,

Vin =
K−1∑
k=1

βkxink + ξin (4)

where ξin is the error generatedby theomitted variable(s). If theomitted relevant variable(s)
is not correlated with the explanatory variables Cov(xink , xinK) = 0, the effect of omitted
relevant variable(s) can be represented as a certain amount.

ξin = βKxinK (5)

As shown in Equation (5), the error generated by omitted variable(s) is alternative-
specific. Since the utility of an alternative only depends on its own attribute values, the
effect of omitted variables is also alternative-specific. Therefore, alternative specific con-
stants (ASCs) have been proposed to represent the average effect of the omitted variable(s)
(Tardiff 1978; Ben-Akiva and Lerman 1985; Train 2009; Ortuzar and Willumsen 2011).

Vin = ASCi +
K−1∑
k=1

βkxink (6)

Based on the assumption that error terms are identically, independently Gumbel dis-
tributed (IID-Gumbel), the probability of choosing an alternative can be derived using
maximum likelihood estimation:

Pin = exp(Vin)∑
j exp(Vjn)

=
exp

(
ASCi +

∑K−1
k=1 βkxink

)
∑

j exp
(
ASCj +

∑K−1
k=1 βkxjnk

) (7)

lnL∗(β) =
N∑

n=1

I∑
i=1

yinlnPin (8)

where L∗ is the likelihood function and lnL∗ is log likelihood function. yin is 1 if individual n
chooses alternative i and 0 otherwise.

Tonormalize the effect of ASCs, oneof theASCs is set to zero. Then, theASCs canbe inter-
preted as a difference between utilities, relative preference between alternatives, when
everything else is equal (Ben-Akiva and Lerman 1985).

Ujn − Uin = ASCj − ASCi(= 0) = ASCj (9)

2.2. Random regretminimizationmodels

Similar to RUM, RRM assume that total regret is composed of deterministic regret and an
error term:

RRin = Rin + εin (10)
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Several (deterministic) regret functions havebeen suggested in the literature. The classic
versions of regret can be summarized as (Hensher, Rose, and Greene 2015):

Rmaxin = max
j �=i

[
K∑

k=1

max{0,βk(xjnk − xink)}
]

(11)

Rlogin =
∑
j �=i

[
K∑

k=1

ln(1 + exp{βk(xjnk − xink)}
]

(12)

Rsumin =
∑
j �=i

[
K∑

k=1

max{0,βk(xjnk − xink)}
]

(13)

Chorus, Arentze, and Timmermans (2008) first introduced RRM suggesting equation 11
(called Rmax). Regret is defined as the negative emotion that individuals experience in sit-
uations where a non-chosen alternative turns out to be more attractive than the chosen
one. Therefore, regret at the attribute-level is assumed a function of the difference between
chosen alternative i and non-chosen alternative j. Then, regret for the chosen alternative i
basedon a comparisonwith non-chosen alternative j is defined as the sumof attribute-level
regret. Finally, total regret for the chosen alternative i is defined to depend only on the best
non-chosen alternative in the choice set, following the principle of Irrelevance of Statewise
Dominated Alternatives (ISDA) (Quiggin 1994).

To avoid the non-smooth likelihood function due to the max operator, Chorus (2010)
proposed an alternative logarithmic specification (called Rlog in Equation (12)). This specifi-
cation has been called the classic RRM (Van Cranenburgh, Guevara, and Chorus 2015). With
respect to attribute-level regret, these two formulations become asymptotically identical
for larger the attribute differences. However, Rlog generates a regret equal to ln(2) ∼= 0.69
when two alternatives are identical and thus have exactly the same attribute values. Chorus
(2014) proposed a correction term,−ln(2) for all alternatives and individuals. Thedifference
between the models is then one of interpretation, rejoice (counterpart of regret) is gener-
atedwhen the chosen alternative outperforms the non-chosen one, and converges to ln(2)
for larger attribute-difference due to the shape of the logarithmic function.

Another distinctive feature of this specification is the substitution of the comparison
against the best only by the comparison with all non-chosen alternatives. Rasouli and Tim-
mermans (2014, 2017), examined a mixture of the two specification to isolate the effect
of the specification of the regret function, and called it the Rsum formulation (Equation
(13)). There were no claims that this specification is necessarily the better model. They
argued that the best specification of regret (best only vs. all pairwise comparisons) inmulti-
alternative choice sets may depend on the decision context, and is primarily an empirical
matter (unless one chooses a model for theoretical reasons). Van Cranenburgh, Guevara,
and Chorus (2015) called this formulation the pure RRMmodel.

Rasouli and Timmermans (2017) theoretically and empirically compared these three
types of regret, and argued that Rmax is theoretically more appealing and a more valid
representation of the concept of regret. Themodelwas shown to outperform the other two
specifications in a dedicated examplewith small attribute differences, the attribute domain
where one expects the largest differences between the model specifications. Additional
data are however required to judge the generalizability of this finding.With larger attribute
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differences, the different specifications of the regret function will lead to asymptotically
identical models.

All these regret specifications assume that regret is a linear function of objective
attribute-level differences. Therefore, the regret function can be generalized as:

Rin = gj

[
K∑

k=1

f (xjnk − xink)

]
(14)

where f is an attribute-level regret function. As shown in Equations (11)–(13), it can be f =
max{0,βk(xjnk − xink)} or f = ln(1 + exp{βk(xjnk − xink)}. gj is a function to represent the
amount of regret in multi-alternative choice sets. If it only depends on best non-chosen
alternative gj = max

j �=i
[Rijn]; if it is defined against all non-chosen alternatives gj =

∑
j �=i[Rijn].

The negatives of the error terms (−εin) in Equation (10) are generally assumed IID-
Gumbel. In this case, the probability of choosing an alternative can be derived using
maximum likelihood estimation:

Pin = exp(−Rin)∑
j exp(−Rjn)

=
exp

(
−gj

[∑K−1
k=1 f (xjnk − xink)

])
∑

j exp
(
−gl

[∑K−1
k=1 f (xlnk − xjnk)

]) (15)

Later, Van Cranenburgh and Prato (2016) asserted that ASCs are necessary for labeled
data but not useful for unlabeled data. More specifically, they argued that the ASCs need
to be choice-set specific depending on the number of alternatives in the choice set. Note
that if all respondents have the same number of alternatives, the use of choice-set specific
ASCs is the same as general ASCs. Then, the choice probability equals:

Pin = exp(−Rin)∑
j exp(−Rjn)

=
exp

(
−ASCCi − gj

[∑K−1
k=1 f (xjnk − xink)

])
∑

j exp
(
−ASCCj − gj

[∑K−1
k=1 f (xjnk − xink)

]) (16)

where ASCCi means the choice-set specific ASCs.
However, whereas regret is generated by comparing attribute values between alterna-

tives, the ASCs imply that the bias by omitted variables is alternative-specific. This seems
conceptually inconsistent.

Let us explore how omitted variables formally affect the generation of regret. Assume a
binary choice set including only a single variable (k = 1). The (deterministic) attribute-level
regret of individual n for alternative i can then be formulated as

Rijnk = f (xjnk − xink) (17)

Then, extending to multi-attributes choice alternatives (k = 1, 2, 3, . . . , K), the deter-
ministic regret is defined as the summation of attribute-level regrets.

Rijn =
K∑

k=1

f (xjnk − xink) (18)
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If the Kth variable is omitted from the choice set, it directly affects the comparison
between two multi-attribute alternatives.

Rijn =
K−1∑
k=1

f (xjnk − xink) + ξijn (19)

where ξijn is the error generated by omitted variable(s) in comparison of chosen alternative
i and non-chosen alternative j.

In multi-alternatives choice sets, the regret of chosen alternative i with omitted vari-
able(s) is:

Rin = gj

[
K−1∑
k=1

f (xjnk − xink) + ξijn

]
(20)

The error caused by omitted variable(s) in RRM is formally different. Whereas the error in
RUM is alternative-specific, it is ‘pair of alternatives’-specific in RRM.While the error in RUM is
independent of omitted variables for non-chosen alternatives, it is correlated with omitted
variables for (at least one) other alternative(s) in RRM. This is because, behaviorally, regret is
generated based on a comparison of alternatives. Therefore, the error by omitted variables
can be formulated as:

ξijn = f (xjnK − xinK) (21)

Consequently, the error caused by omitted variables in the regret of chosen alternative
i (ξijn) depends not only on the attribute value of chosen alternative i (xinK) but also the
attribute value of non-chosen alternative j (xjnK). This indicates that ξijn = f (xjnK − xinK) and
ξjin = f (xinK − xjnK) are correlated (Both errors share xinK and xjnK ). To consider such corre-
lation caused by xinK and xjnK , we introduce an error component ηijn that alternatives i and
j have in common1. Likewise, while the ACSs reflect the average of the omitted variables
in the linear-additive utility (Hensher, Rose, and Greene 2015), the error component ηijn is
the average effect of omitted variable(s) on the comparison of alternatives i and j. Further-
more, researchers do not knowwhich variables are omitted, nor their value, and their regret
weight. Therefore, we assume that the amount of regret caused by the omitted variable
follows a certain distribution across individuals with mean and variance. Since the effect of
omitted variables in regret should be positive to maintain its ratio properties, we assume a
lognormal distribution for ηijn. Then, total regret can be generalized as:

RRin = gj

[
K−1∑
k=1

f (xjnk − xink) + ηijn

]
+ εin (22)

where, εin is the remaining error caused by other sources rather than measurement error
and is assumed to independently and identically distributed.

Thus, whereas previous studies assume that the effect of omitted variables is alternative-
specific and homogeneous, in this study, we argue that the effect is correlated between
alternatives and is individual-specific.

For a better understanding, assume three alternatives 1, 2, 3 with two attributes a, b in
the choice set. Assume regret is generatedbasedon theRsummodel, expressed in equation
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13. Then, the deterministic regret Rsumin can be defined as:

Rsum1n = [max{0,βa(x2na − x1na)} + max{0,βb(x2nb − x1nb)}]
+ [max{0,βa(x3na − x1na)} + max{0,βb(x3nb − x1nb)}] (23)

Rsum2n = [max{0,βa(x1na − x2na)} + max{0,βb(x1nb − x2nb)}]
+ [max{0,βa(x3na − x2na)} + max{0,βb(x3nb − x2nb)}] (24)

Rsum3n = [max{0,βa(x1na − x3na)} + max{0,βb(x1nb − x3nb)}]
+ [max{0,βa(x2na − x3na)} + max{0,βb(x2nb − x3nb)}] (25)

Assume attribute b is omitted,

Rsum1n = [max{0,βa(x2na − x1na)} + ξ12n] + [max{0,βa(x3na − x1na)} + ξ13n]

ξ12n = max{0,βb(x2nb − x1nb)}
ξ13n = max{0,βb(x3nb − x1nb)} (26)

Rsum2n = [max{0,βa(x1na − x2na)} + ξ21n] + [max{0,βa(x3na − x2na)} + ξ23n]

ξ21n = max{0,βb(x1nb − x2nb)}
ξ23n = max{0,βb(x3nb − x2nb)} (27)

Rsum3n = [max{0,βa(x1na − x3na)} + ξ31n] + [max{0,βa(x2na − x3na)} + ξ32n]

ξ31n = max{0,βb(x1nb − x3nb)}
ξ32n = max{0,βb(x2nb − x3nb)} (28)

Then, ifweassumeerror terms εin are IID-Gumbel distributed, theprobability of choosing
an alternative can be derived:

Pin =
∫

ηijJ−1

· · ·
∫

ηij1

exp(−Rin|β , η)∑
j∈C exp(−Rjn|β , η)

f (ηij1 |θ) · · · f (ηijJ−1 |θ)dηij1 · · · dηijJ−1 (29)

where ηij is assumed to be lognormal distributed with density f (ηij|θ), and θ refers col-
lectively to the parameters of the distribution (generally mean and standard deviations of
ηij).

Since the choice probability in Equation (29) is obtained by solving multiple integrals, it
causes higher complexity in computation. The alternative way is to simulate the average
probability, called themaximum simulated likelihood estimator (17).

P̂in = 1
C

C∑
c=1

exp(−R̂inc |βc, ηc)∑
j∈C exp(−R̂jnc |βc, ηc)

(30)

lnL∗(β) =
N∑

n=1

I∑
i=1

yinlnP̂in (31)

where C is a certain number of draws estimating threshold parameters, P̂in is unbiased
estimator of Pin.
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Therefore, we can conclude that the classic ASCs are formally not appropriate to rep-
resent the errors by omitted variables in RRM. Since regret is generated from pairwise
comparisons, the omitted variable(s) causes specific bias in pairs of alternatives. More pre-
cisely, the omitted variable(s) for alternative 1 (x1nb) causes bias for alternatives 2 and 3.
Likewise, the omitted variable(s) for alternative 2 (x2nb) and 3 (x3nb) also cause errors in
alternative 1. Therefore, the errors due to omitted variables for the chosen alternative are
correlated with the other non-chosen alternatives. This also applies to the other regret for-
mulations, Rmax (in Equation (11)) and Rlog (in Equation (12)), since all regret specifications
are based on pairwise comparisons2.

By using an error components (ECs) structure, total regret with an omitted variable can
be formulated as:

RRsum1n =
∑
j �=1

max{0,βa(xjna − x1na)} + ε1n + η12n + η13n (32)

RRsum2n =
∑
j �=2

max{0,βa(xjna − x2na)} + ε2n + η12n + η23n (33)

RRsum3n =
∑
j �=2

max{0,βa(xjna − x3na)} + ε3n + η13n + η23n (34)

The covariance matrix is shown in the Appendix.

3. Empirical evidence

In this section, the effect of omitted variables on themodel performance in RRMand (linear-
additive) RUM is empirically explored. Since the purpose of this paper is to analyze how
the effect of omitted variables differs between utility and regret, in particular, this paper
focuses on the issue of the effect of omitted variables for labeled choice alternatives. Two
labeled data sets about transportation mode choice based on orthogonal stated choice
experiments are used. The following analyses are conducted for both the RRM and RUM
models: (i) the effect of an omitted variable is compared for both models; (ii) the effect of
ASCs onmitigating such error is examined; (iii) the effect of the proposed error components
structure for improvement model performance of RRM is investigated, and (iv) the model
performance in the estimation results is determined by randomly splitting the data into K
subsets. K–1 subsets are used to estimate themodel (each subset is excludedonce), and the
average model performance is compared across subsets. Finally (v), the change in market
share due to the omitted variable is discussed.

3.1. Data

The use of ASCs has been disputed. For instance, Hensher, Rose, and Greene (2015) men-
tioned that a data set with labeled alternatives is preferred over one where the alternatives
are not defined in terms of a label (called unlabeled alternatives), because the labeled alter-
natives enable us to study the important role of ASCs. When alternatives are unlabeled,
they have no utility over and above the characteristics attributed to them in the experi-
ment. Therefore, to clearly analyze the effect of the omitted variables and offset such effect
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by modeling, in this study, we used data from a stated preference survey based on an
orthogonal design in context of labelled mode choice.

The data used in this study were collected in Beijing, China to analyze travel demand for
electronic bikes compared to the other travel modes. Data were collected under a total of
six scenarios. Two of these scenarios are used in this section. Each respondent was asked
to choose his/her preferred transportation mode from choice sets consisting of two or
three alternatives. Since RRM generates the same output as RUM in binary choice sets, only
respondents faced with three alternatives were extracted.

3.2. Case study I

The first case study is aboutmode choice amongalternatives labeled as E-bike, Car, andBus.
An orthogonal fractional factorial choice set design was constructed to systematically vary
the attributes within and betweenmodes. A total of 297 participants indicated for 9 choice
sets their preferred transportation mode. The attribute levels are shown in Table 1(a).

Table 2 shows the estimation results of the reference model and the curtailed models
with anomitted variable. Each variablewas omitted in turn.We applied the sameerror com-
ponents for utility. However, most of parameters in the error components are estimated as
zero and t-values are also zero. This implies that the error caused by omitted variables is
correlated between alternatives in RRM, not in RUM. Therefore, they are not reported.

The omission of a variable causes a significant downward bias for all taste parameters,
and a decrease in the model fit of both RUM and RRM (RRsum) models in all cases. This is
because the variance of the errors grows and the scale goes down (see Guevara 2015). The
predictive power is higher when omitting travel time than travel cost, implying that the
effect of travel cost is more important than travel time to make a decision. The ASCs are
significant and improve model fit in both utility and regret models, furthermore, the ECs
show the best model fit in regret model.

Table 1. Attribute level.a

E-bike Car Bus

(a) First case
Travel time Main time (50, 70, 90) (20, 30, 40) (20, 35, 50)

Possible delay (0 : fixed) (0, 30, 60) (0, 30, 60)
Access time (0 : fixed) (0 : fixed) (5, 10, 15)
Egress time (0 : fixed) (5 : fixed) (5, 10, 15)
Parking search time (0 : fixed) (5 : fixed) (0 : fixed)
Transfer time (0 : fixed) (0 : fixed) (0, 10, 20)

Travel cost Main cost (1, 2, 3) (10, 20, 30) (2, 6, 10)
Parking cost (0 : fixed) (0, 15, 30) (a : fixed)

E-bike Taxi Metro

(b) Second case
Travel time Main time (50, 70, 90) (20, 30, 40) (20, 30, 40)

Possible delay (0 : fixed) (0, 30, 60) (0, 10, 20)
Waiting time (0 : fixed) (0, 15, 30) (0 : fixed)
Access time (0 : fixed) (0 : fixed) (5, 12, 19)
Egress time (0 : fixed) (0 : fixed) (5, 12, 19)
Transfer time (0 : fixed) (0 : fixed) (0, 10, 20)

Travel cost (1, 2, 3) (40, 60, 80) (2, 7, 12)
aUnit: Time (min/Cost (Yuan)
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Table 2. Estimation results – first case.

U RRsum

Reference Omit travel cost Reference Omit travel cost

Basic Basic +ASCs Basic Basic +ASCs +EC

(a) Omit travel cost
Travel time −0.0318 −0.0261 −0.0300 −0.0152 −0.0116 −0.0134 −0.0143
(t-value) (−28.43) (−25.59) (−23.10) (−23.07) (−20.23) (−19.53) (−17.06)
Travel cost −0.0356 −0.0222
(t-value) (−21.59) (−26.90)
ASC(Car) −1.01 1.12
(t-value) (−19.88) (21.58)
ASC(Bus) −0.762 0.939
(t-value) (−13.25) (16.86)
EC(E-Bike&Car)_Mean 1.163
(t-value) (3.91)
EC(E-Bike&Car)_Std.a 0.0412
(t-value) (2.79)
EC(E-Bike&Bus)_Mean 0.975
(t-value) (2.34)
EC(E-Bike&Bus)_Std. 0.0791
(t-value) (3.77)
EC(Car&Bus)_Mean 1.206
(t-value) (1.61)
EC(Car&Bus)_Std. 0.0366
(t-value) (1.49)
Final log-likelihood −2237.516 −2595.184 −2283.625 −2253.941 −2699.152 −2366.858 −2302.194
Rho-square 0.238 0.116 0.222 0.232 0.081 0.194 0.216
Adj. Rho-square 0.237 0.116 0.221 0.232 0.081 0.193 0.214

(b) Omit travel time
Travel time −0.0318 −0.0152
(t-value) (−28.43) (−23.07)
Travel Cost −0.0356 −0.0328 −0.0349 −0.0222 −0.0197 −0.0211 −0.0217
(t-value) (−21.59) (−20.52) (−14.96) (−26.90) (−24.47) (−14.57) (−13.66)
ASC(Car) −0.495 0.361
(t-value) (−15.12) (−13.93)
ASC(Bus) −1.04 0.942
(t-value) (−19.21) (17.72)
EC(E-Bike&Car)_Mean 0.275
(t-value) (1.92)
EC(E-Bike&Car)_Std.a 0.0931
(t-value) (4.42)
EC(E-Bike&Bus)_Mean 0.409
(t-value) (3.30)
EC(E-Bike&Bus)_Std. 0.0661
(t-value) (1.39)
EC(Car&Bus)_Mean 0.870
(t-value) (3.94)
EC(Car&Bus)_Std. 0.0938
(t-value) (1.84)
Final log-likelihood −2237.516 −2556.733 −2433.594 −2253.941 −2582.226 −2470.931 −2433.569
Rho-square 0.238 0.129 0.171 0.232 0.121 0.159 0.171
Adj. Rho-square 0.237 0.129 0.170 0.232 0.120 0.158 0.169
aStandard deviation

In the case of omitting travel cost (Table 2(a)), the absolute value of the parameter for
travel time is increased in the utility model. The signs of the ASCs are negative for both car
and bus. The ASC is larger in size for car than bus. This implies that the omitted attributes
cause larger unobserved (dis)utilities for car and bus, compared to e-bike. The signs of
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the ASCs are positive for both car and bus in the regret model, implying that the omitted
attributes generate larger unobserved regrets for car and bus than e-bike. The largest value
of ASC for car indicates that the unobserved regret is highest for car, implying that unob-
served regret due to omitted attributes is largest for car, and smallest for e-bike. However,
we should note here that discrete choice models assume that evaluation for an alternative
are derived from the observed attributes (systematic part) and omitted attributes (error),
and since regret is generated based on the pairwise comparisons of attribute values among
alternatives3, the interpretation of ASCs in regretmodels is still questionable as we pointed
out in formal analysis. Themeanvalueof the ECswhich is sharederrors (unobserved regrets)
between alternatives caused by omitted variables is the largest between car and bus, and
it is the smallest between e-bike and bus. The standard deviation of the EC is the largest
between e-bike and bus, implying that the unobserved regrets are more heterogeneous
when comparing these modes.

The results for omitted travel time (Table 2(b)) show that the ASCs have a negative sign
for both car and bus in the utility model. However, while the ASCwas the largest for the car
when omitting travel cost, it is largest for bus when omitting travel time. In the regret mod-
els, the ASCs are positive for car and bus, and the value is larger for bus, and themean EC is
the largest between car and bus and the smallest between e-bike and car. These results
lead different interpretations about omitted attributes: the results of ASCs indicate that
the omitted attributes cause the largest (unobserved) regrets for bus in the choice set,
whereas the results of ECs show that the omitted attributes generate the largest (unob-
served) regrets between car and bus. Considering regret is generated based on attribute
difference between alternatives, we argue that the interpretation of ECs is more consistent
with the concept of regret. The standard deviation of EC is the largest for the comparison
of car and bus, and the smallest for the comparison of e-bike and bus, indicating that the
unobserved regret is the most heterogeneous when comparing car and bus.

The comparison of observed and predictedmarket shares is shown in Table 3. In order to
measure the degree of accuracy of the predictedmarket shares, the rootmean square error
(RMSE) is used. Since the resultswithASCs are the sameas the results of thebasic case (with-
out ASCs), we do not attach the result separately in the table. Results indicate that whereas
the utility models over-predict the market share of e-bike and car and under-predict the
market share of the bike, regret models over-predict the market share of e-bike and bike
and under-predict the car’s market share. The omission of a variable leads to reduced pre-
dictive power with respect to market share: The RMSE increases by omitting each variable,
and commonly the omission of travel cost causes the higher increase in RMSE. Most impor-
tantly, the use of an error components structure is most efficient in regret models. The

Table 3. Observed and predicted market shares – first case.

Mode choice E-Bike Car Bike RMSE

Observed market share (%) 22.67 27.42 49.91 –
Predictive market share (%) U Reference Basic 26.56 38.42 35.01 6.31

Omit travel cost Basic 39.40 30.60 30.00 8.73
Omit travel time Basic 33.90 35.65 30.45 7.97

RRsum Reference Basic 39.84 16.20 43.96 7.12
Omit travel cost Basic 41.53 28.43 30.04 9.14

+EC 32.81 36.14 31.05 7.70
Omit travel time Basic 43.84 15.34 40.82 8.67

+EC 34.42 33.63 31.95 7.45
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Table 4. Validation results – first case.

Average of 9 validations Full Omission Omission+ASC Omission+ EC

(a) Omission of travel cost
Adj. Utility 0.186 0.089 0.154 –
Rho-square Regret 0.172 0.063 0.107 0.139

(b) Omission of travel time
Adj. Utility 0.186 0.115 0.141 –
Rho-square Regret 0.172 0.096 0.120 0.152

predictive market share becomes closer to the observed values. Thus, we can argue that
it is important to consider the correlation between alternatives in regret models to reflect
the effect of omitted variables.

To validate the results, in total 9 subsets were constructed, randomly assigning the
choice tasks to the subsets. Of the 9 subsets, 8 subsets were used to estimate the models,
and then themodel performancewas compared. This process is repeated9 timesbyexclud-
ing each subset once. Table 4 shows the average model performance from the 9 subsets.
Akin to the estimation results for the full data set: (i) the omission of an attribute signifi-
cantly reduces goodness-of-fit of both RUM and RRMmodels, (ii) ASCs effectively improve
model performance and the improvement appeared larger in utilitymodel and (iii) the pro-
posedECs structuremoreeffectively improvemodelperformance than theASCs in theRRM.
However, the model performance is still worse than the full model.

3.3. Case study II

The data set used in this second case is about mode choice among E-bike, Taxi, and
Metro. An orthogonal fractional factorial designwas constructed to independently vary the
attributes within and between modes. A total of 332 participants provided their preferred
choice for 9 choice sets. The attribute levels are shown in Table 1(b).

The detailed estimation results of the reference and curtailedmodels are shown in Table
5. Travel time and cost are omitted respectively. As in the first case, the omission of an
attribute causes the downward bias in the remaining parameter. The reduction in model
fit is higher when omitting travel cost than travel time.

The results of the omission of travel cost (Table 5(a)) show that, in the utility model, the
ASCs improve model fit and the parameter for travel time shifts upward. The values of the
ASCs are larger in size for taxi compared to metro. In the regret model, both the ASCs and
ECs improvemodel fit and shift theparameter for travel timeupward. The ECs show thebest
model fit. TheASCs show the higher value for taxi thanmetro, indicating that the regret due
to theomitted attributes (excluding travel time) is the largest for taxi and smallest for e-bike.
The ECs have the largest mean value between taxi andmetro, and the smallest between e-
bike and taxi. The standard deviation of the EC is the largest for the comparison of taxi and
metro, implying that the generated regrets are more heterogeneously when comparing
taxi and metro.

In the case of the omission of travel cost (Table 5(b)), the results of the utility model
show that the ASCs improve model fit and make the parameter shift upward. As in the
former case, the ASCs are largest in size for taxi, meaning that the omitted attributes gen-
erate the largest (dis)utility for taxi and the smallest for e-bike. It can be interpreted as that
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Table 5. Estimation results – second case.

U RRsum

Reference Omit travel cost Reference Omit travel cost

Basic Basic +ASCs Basic Basic +ASCs +EC

(a) Omit Travel Cost
Travel time −0.0263 −0.0215 −0.0256 −0.0141 −0.0112 −0.0133 −0.0137
(t-value) (−19.39) (−19.11) (−19.11) (−19.41) (−18.69) (−20.45) (−16.31)
Travel Cost −0.0301 −0.0161
(t-value) (−24.56) (−24.42)
ASC(Taxi) −1.77 1.85
(t-value) (−24.28) (24.41)
ASC(Metro) −1.61 1.40
(t-value) (−13.94) (13.45)
EC(E-Bike&Taxi)_Mean 0.529
(t-value) (4.18)
EC(E-Bike& Taxi)_Std. 0.0736
(t-value) (2.21)
EC(E-Bike&Metro)_Mean 0.775
(t-value) (2.37)
EC(E-Bike& Metro)_Std. 0.0607
(t-value) (1.41)
EC(Taxi r& Metro)_Mean 0.840
(t-value) (3.05)
EC(Taxi & Metro)_Std. 0.104
(t-value) (1.66)
Final log-likelihood −2598.166 −3085.064 −2651.352 −2589.253 −3094.303 −2665.836 −2636.985
Rho-square 0.209 0.060 0.192 0.211 0.057 0.188 0.197
Adj. Rho-square 0.208 0.060 0.191 0.211 0.057 0.187 0.195

(b) Omit travel time
Travel time −0.0263 −0.0141
(t-value) (−19.39) (−19.41)
Travel cost −0.0301 −0.0274 −0.0295 −0.0161 −0.0145 −0.0155 −0.0159
(t-value) (−24.56) (−24.59) (−21.99) (−24.42) (−24.37) (−22.15) (−18.51)
ASC(Taxi) −1.40 1.49
(t-value) (−14.52) (−14.24)
ASC(Metro) −1.12 1.18
(t-value) (−15.65) (15.42)
EC(E-Bike&Taxi)_Mean 0.372
(t-value) (3.61)
EC(E-Bike& Taxi)_Std. 0.0511
(t-value) (2.09)
EC(E-Bike&Metro)_Mean 0.409
(t-value) (2.24)
EC(E-Bike& Metro)_Std. 0.0277
(t-value) (1.90)
EC(Taxi r& Metro)_Mean 0.424
(t-value) (1.79)
EC(Taxi & Metro)_Std. 0.0527
(t-value) (3.81)
Final log-likelihood −2598.166 −2804.771 −2707.382 −2589.253 −2795.345 −2736.755 −2694.904
Rho-square 0.209 0.146 0.175 0.211 0.148 0.166 0.179
Adj. Rho-square 0.208 0.145 0.174 0.211 0.148 0.165 0.177

the omitted attributes excluding travel cost cause larger (unobserved) regret for taxi and
smaller regret for e-bike. The use of ECs results in the best model fit, compared to the basic
and ASCs models. As in the case of omission of travel cost, the mean value of EC is the
largest for the comparison of car and bike, and the smallest for the comparison between
e-bike and taxi. This implies that the (unobserved) regret generated from the omitted
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Table 6. Observed and predicted market shares – second case.

Mode choice E-Bike Taxi Metro RMSE

Observed market share (%) 44.98 8.77 46.25 –
Predictive market share (%) U Reference Basic 43.54 25.13 31.33 7.40

Omit travel cost Basic 48.96 26.87 24.16 9.61
Omit travel time Basic 55.59 20.55 23.86 9.14

RRsum Reference Basic 30.86 24.80 44.34 7.15
Omit travel cost Basic 23.59 24.73 51.67 9.08

+EC 33.17 26.77 40.06 7.47
Omit travel time Basic 34.27 30.22 35.51 8.76

+EC 30.25 27.21 42.54 7.96

Table 7. Validation results – second case.

Average of 8 validations Full Omission Omission+ASC Omission+ EC

(a) Omission of travel cost
Adj. Utility 0.142 0.042 0.116 –
Rho-square Regret 0.149 0.041 0.085 0.124

(b) Omission of travel time
Adj. Utility 0.142 0.104 0.119 –
Rho-square Regret 0.149 0.109 0.115 0.122

attributes (except for travel cost) are the largest when comparing car and bike, and smallest
between e-bike and taxi. The standard deviation of the EC is smallest for the compari-
son of e-bike and metro, implying that the regrets are less heterogeneously between the
alternatives.

Table 6 shows the predicted market shares for each model compared to the observed
values. Overall, themarket share of taxi is over-predicted in all models. While utility models
under-predict the share of metro, the e-bike’s market share is under-predicted in regret
models. The overall tendency is similar to the findings of the first case study. Still, the use
of EC is effective in the regret models and improves the accuracy of the predicted market
shares in regret models.

The estimation results in this second case study were also validated. The data were ran-
domly split into 8 different subsets, and the models were estimated pooling 7 of these
subsets (each subset was excluded once respectively). The average model performance
for the models is listed in Table 7. The results from 8 combinations of subsets are consis-
tent with the estimation results for the full dataset: The proposed ECs structure effectively
offsets bias by omitted variables in RRM, similar to ASCs in RUM.

4. Conclusions and discussion

Random regret minimization models have almost invariably assumed that the error terms
of the regret function are identically and independently Gumbel distributed, leading to a
logit-type probability distribution. The validity of this assumption has not received much
attention and very few studies have empirically examined the effect of omitted variables.

Through formal analysis, this paper showed that whereas the effect of omitted variables
in the (linear-additive) RUM model is alternative-specific, it is correlated between alter-
natives in the RRM model. This implies that whereas ASCs are appropriate to represent
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the average effect of omitted variables in (linear-additive) RUM models, they are not in
RRM models. This seems reasonable considering that attribute-level regret is defined in
the comparison of alternatives, implying that the regrets are correlated, and errors are also
correlated. Therefore, an error component structure is proposed to consider the effect of
omitted variables in RRM models. By using two empirical data sets, the effect of omitted
variables is tested and the empirical results of ASCs and ECs are discussed. The results
are consistent with the formal analysis. Although both ASCs and ECs significantly capture
the effect of omitted attributes, the ECs show better performance by providing alternative
interpretation of the effect.

A few valuable directions for further research can be identified. First, the current empir-
ical analysis is only based on the RRsum model. However, as shown in the formal analysis,
since regret is defined in the comparison of alternatives in all regret models, omitted
variables cause correlation between error terms in all thesemodels, only the degree of cor-
relation is different. Therefore, it would be interesting in future research to examine how
correlations introduced by omitted variables differ for the different specifications of regret.
Second, Van Cranenburgh and Prato (2016) showed that the effect of omitted variables
depends on choice set composition. Since the proposed error components structure for
regret can easily represent choice set composition effects, empirical analyses of data with
varying choice set composition would be worthwhile to conduct. Finally, certain variables
are not independent of other explanatory variables. For instance, crowding in public trans-
portationmay depend on travel cost. Therefore, if the variable ‘crowding’ is omitted, it may
induce endogeneity. Several methods have been developed to capture endogeneity (e.g.
Rivers and Vuong 1988; Train 2009; and Guevara 2015). In this case, more complex assump-
tions about error terms are necessary. Empirically, it may occur when analyzing revealed
preference data. Whereas current methodologies have been developed to consider endo-
geneity in (linear-additive) RUMmodels such as the BLPmethod (e.g. Berry, Levinsohn, and
Pakes 1995) and the control function method (e.g. Hausman 1978), the issue how to con-
sider endogeneity in RRM models considering the correlation between alternatives needs
further investigation.

Notes

1. Note that we can also use an asymmetrical relationship. However, in this case, the number of
additional parameters is at least doubled, compared to the symmetrical relationship.

2. Note that since regret-based choice models represent semi-compensatory behavior (Chorus,
Arentze, andTimmermans 2008; Chorus 2012b), if the chosen alternative is superior to the non-
chosen alternatives with respect to a certain attribute b for individual n, then the omission of
attribute b does not cause any error in the regret for chosen alternative. However, if we also con-
sider rejoice, the counterpart of regret, the omission causes error in rejoice, and the bias would
be larger.

3. Even though some attributes are alternative specific, the effect of attributes in regret model
still concerns the comparison of alternatives. For instance, the effect of headway in bus (xinh)
can be analyzed by fixing the values of other alternatives as zero. Then, the regret for bus
from the headway is max[0, βh(0 − xinh)] > 0, where βh < 0. Therefore, the longer bus headway
generates higher regret for the bus alternative, while it does not affect the other alternatives:
max[0, βh(xinh − 0)] = 0. Therefore, a higher bus headway decreases the choice probability of
the bus. Note that in this case the regrets are correlated by xinh. Therefore, the application of
ASCs is still questionable.
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Appendix. Variance-covariancematrix

As discussed, we assume that each error component follows a lognormal distribution ηijn ∼
LN(μij , σ 2

ij ).

ηijn = exp(μij + σijνn)

where νn is a random variable following a standard normal distribution.
According to the Johnson, Kotz, and Balakrishnan (1994) the variance of the lognormal distributed

random variable is:

var(ηijn) = var{exp(μij + σijνn)} = (exp(σ 2
ij − 1))exp(2μij + σ 2

ij )

Therefore, the variance of total regret for alternative 1 in Equation (32) can be obtained (see
Hensher, Rose, and Greene 2015):

var(RRsum1n) = E(ε1n + η12n + η13n)
2

= 1.64 + (exp(σ 2
12 − 1)) exp(2μ12 + σ 2

12) + (exp(σ 2
13 − 1))exp(2μ13 + σ 2

13)

As in the same manner, the variance-covariance matrix from Equations (32–34) is:

Σ =

⎡
⎢⎢⎢⎢⎢⎢⎣

1.64 + (exp(σ 2
12 − 1)) exp(2μ12 + σ 2

12) + (exp(σ 2
13 − 1))exp(2μ13 + σ 2

13)

(exp(σ 2
12 − 1))exp(2μ12 + σ 2

12) (exp(σ 2
13 − 1))exp(2μ13 + σ 2

13)

(exp(σ 2
12 − 1))exp(2μ12 + σ 2

12) 1.64 + (exp(σ 2
12 − 1)) exp(2μ12 + σ 2

12)

+(exp(σ 2
23 − 1))exp(2μ23 + σ 2

23) (exp(σ 2
13 − 1))exp(2μ13 + σ 2

13)

(exp(σ 2
13 − 1))exp(2μ13 + σ 2

13) (exp(σ 2
23 − 1))exp(2μ23 + σ 2

23)

1.64 + (exp(σ 2
13 − 1)) exp(2μ13 + σ 2

13) + (exp(σ 2
23 − 1))exp(2μ23 + σ 2

23

⎤
⎥⎥⎥⎥⎥⎥⎦
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