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ARTICLE INFO ABSTRACT

Keywords: We present a discrete choice modeling framework with heterogeneous decision rules accounting
Contextual effects for non-trading behavior. The proposed approach builds upon the state-of-the-art probabilistic
Discrete choice modeling finite mixture models and tackles non-trading behavior while accounting for inertia effects and

Non-trading behavior serial correlation in the SP data, and contextual effects on the probability of an individual
Probabilistic decision process models

Relative advantage employing a specific decision rule. The framework involves three subpopulations of decision-

SP data makers, referred to respectively as pure utility-maximizers, utility-maximizers with strong
preference for one alternative, and non-traders non-utility-maximizers employing a non-trading
heuristic. The second subpopulation is expected to exhibit non-trading behavior, despite making
trade-offs consistent with utility maximization. Our goal is to disentangle the two types of
manifested non-trading behavior. We assume that the manifestation of non-trading behavior —
by otherwise utility-maximizing individuals — may be driven by important context variables. In
order to accommodate this assumption in the modeling framework, we define and add a relative
advantage (RA) component in the class-membership model. Finally, we apply the framework
to a Swiss stated preferences (SP) mode choice case study, and demonstrate the impact of
accounting for non-trading behavior on the value of time estimates.

1. Introduction

Non-trading behavior refers to the case where an individual always chooses the same alternative across choice situations (Hess
et al., 2010). This type of behavior is often observed in stated preferences (SP) choice surveys, where respondents are requested
to answer several hypothetical choice tasks. Along similar lines, in real life contexts, we encounter the habitual selection, with the
individual choosing what she chose last time she had to make the same or a similar choice. Opposite to these lies the variety-
seeking selection, with the individual choosing alternatives that have not been previously chosen. Such decisions-making strategies'
— allowing the individual to minimize the cognitive effort — are highly pertinent to routine choices (see e.g. Adamowicz and Swait,
2012, in the context of food choices). They belong to the group of suboptimal decision strategies, commonly referred to as heuristics,
connoting the omission of part, or all, of the information by the individual in order to make decisions faster and simpler, as opposed
to normative decision strategies that assume a rational individual with almost complete information and sufficient capacity to process
it for making trade-offs that result in an “optimal” choice. A comprehensive review of the decision heuristics within the discrete
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E-mail addresses: evanthia.kazagli@heig-vd.ch (E. Kazagli), matthieu.delapparent@heig-vd.ch (M. de Lapparent).
1A decision-making process, strategy or rule is a mental mechanism through which a person arrives at making a choice. In the remainder of the paper, we use
the terms decision-making process, strategy and rule interchangeably, with the latter being mostly used in a choice modeling context.
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choice modeling (DCM) framework with SP data is presented by Leong and Hensher (2012a). After discussing the contribution of
decision heuristics, as well as this of contextual effects, in explaining choice behavior, the authors suggest that a logical way forward
would be to “consider the use of mixture models, where multiple heuristics are weighted in a utility function, using weighting functions that
depend on the socio-economic characteristics of the respondent and other choice context variables, including individual-specific perceptions
data, where available”.

The nature of the choice to be made may trigger a specific type of strategy. For instance, mode choices are found to be rather
habitual (see e.g. Cantillo et al., 2007; Cherchi and Manca, 2011; Cherchi and Cirillo, 2014; Schmid et al., 2019). Garling and
Axhausen (2003) and Cantillo et al. (2007) define habit or inertia in the context of choice behavior as the “reluctance to change”.
High inertia may be manifested as non-trading behavior. In this context, non-trading can also be described as lexicographic behavior
with respect to the alternative®. Indeed, Hess et al. (2010) identify the possible drivers behind non-trading behavior in SP data;
these are (i) the strong preference towards a particular alternative, by an otherwise utility-maximizing individual, (ii) the non-
trading heuristic employed by a non-utility maximizing respondent due to fatigue, boredom, irrelevance of the attribute values, and
more, and (iii) some sort of political or strategic behavior, such as never choosing a tolled road alternative. The authors argue that
respondents in the first category, i.e. utility maximizers with strong preference towards a specific alternative, should not be excluded
from a utility maximizing model, while those in the other two categories should ideally be identified and excluded from the model
estimation in order to avoid biases in the derivation of policy indicators, such as the willingness to pay. They acknowledge the fact
though that, in the majority of cases, it is not possible to discriminate between the two types of non-trading behavior.

The importance of identifying and modeling non-trading behavior in random utility frameworks, as pointed out by Hess et al.
(2010), and the significance of context in the relevance of a decision rule, as pointed out by Leong and Hensher (2012a) and
Hensher (2019), have motivated the modeling framework proposed in this paper. The work concerns a practical application that
focuses on a model specification that accounts for contextual effects, which are based on objective and measurable factors, in order
to tackle non-trading behavior. The proposed approach involves three subpopulations of decision-makers, referred to respectively
as (i) pure utility-maximizers, (ii) utility-maximizers with strong preference for a specific alternative, and (iii) non-traders non-
utility-maximizers (pure non-traders), adopting the non-trading heuristic to minimize the effort, for instance. It postulates that the
manifestation of non-trading behavior, by otherwise utility-maximizing individuals, may be driven by important context variables,
and more specifically by the overall relative advantage with respect to these variables, of ones preferred alternative over the
remaining alternatives in the choice task. As discussed by Hess et al. (2010), in the case of extreme preferences, the choice design
“may not be able to offer the respondent sufficiently attractive alternatives to their preferred mode”. In order to test this, we include a
relative advantage (RA) component (Leong and Hensher, 2014) in the class-membership model (CMM). Leong and Hensher (2014)
propose the relative advantage maximization model (RAM) as an extension to the conventional linear additive random utility model
(RUM) in order to account for context dependency in the representation of the choice set, and subsequently the impact of constructed
preferences on the choice of an alternative. The use of the RA component here is different from the one in the RAM, in that it adds
the RA component in the CMM, rather than in the class-specific choice model (CSM). Yet, its notion and formulation are the same
as in Leong and Hensher (2014). Consequently, the RA component is used to describe the probability of an individual belonging
to the second class, rather than her probability of choosing an alternative. This model specification aims at disentangling the two
types of the manifested non-trading behavior.

Methodologically, the framework is based on the well-established probabilistic decision process modeling (PDPM) approach®.
Such approaches have been presented by various papers in the general DCM literature tackling heuristics and non-compensatory
choice behaviors. Different mixtures of decision rules have been considered by e.g. Elrod et al. (2004) who proposed an integrated
model of disjunctive/conjunctive screening rules; Hensher and Greene (2010) who analyzed attribute non-attendance and dual
processing with a latent class specification; Zhu and Timmermans (2010) who assume context-dependent preferences and decision
heuristics and incorporate conjunctive, disjunctive and lexicographic decision rules in their modeling framework; Hess et al. (2012)
who applied four different mixture of the RUM with other decision rules (lexicography, heterogeneous reference points, elimination
by aspects and random regret minimization) in four case studies; Leong and Hensher (2012b) who have performed an exploratory
analysis of multiple mixtures of heuristics, including the reference point revision and the majority of confirming dimensions; McNair
et al. (2012) who presented a PDPM tackling the value learning and the strategic misrepresentation heuristics; Hess and Stathopoulos
(2013) who present a mixture of random utility and random regret model and use a latent variable modeling approach in analyzing
the probability of each decision rule being followed by a respondent; Hensher et al. (2013) who apply a random parameter PDPM
with different levels of attribute attendance (full/non-attendance, as well as aggregation of common attributes) to a SP for car
commuters; Boeri et al. (2014) who analyze the performance of a utility maximization-regret minimization mixture in the context
of traffic calming schemes, to find that unfamiliar users are more likely to be regret minimizers in the SP, in comparison with
familiar users; Balbontin et al. (2017) and Hensher et al. (2018) who tackle the heterogeneity in decision processes in the presence
of risk; Dey et al. (2018) apply a utility maximization-regret minimization mixture to bicycle route choice; and more.

This is to our knowledge the first work to integrate contextual effects in the weighting functions that define the class-membership
model and the first to tackle non-trading behavior within the random utility framework. We present an application of the approach

2 Inertia is linked to the concept of state dependence in the context of choice dynamics, which describes the effect that an already made choice has on the
likelihood of a choice in future occasions (McAlister et al., 1991).

3 The result of the application of this lexicographic decision rule is that respondents do not make trade-offs among the various attributes.

4 This is essentially a latent class modeling approach, where each class is characterized by different preference measures, as a result of the differences in the
underlying decision-making process.
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Fig. 1. Illustration of the conceptual modeling framework.

to a Swiss stated preferences (SP) mode choice dataset and demonstrate the influence of tackling non-trading behavior on the
resulting value of time estimates. The model takes the form of a mixed logit. Its estimation treats serial correlation, that is the
dependence of the responses provided by the same individual, through the inclusion of respondent-, alternative- and class-specific
error components.

The remainder of the paper is organized as follows. Section 2 delineates the modeling framework. Section 3 presents the Swiss
mode choice case study. Section 4 presents the results from the application of the proposed modeling framework to the available
data. Section 5 summarizes the finding of the work and identifies directions for further research

2. Modeling framework

We consider three classes of individuals, namely (i) the utility-maximizers, (ii) the utility-maximizers with strong preference for a
specific alternative, and (iii) the non-traders non-utility-maximizers employing the effort-reduction non-trading heuristic (NTH). We
expect a utility maximizer with a strong preference for a specific mode to exhibit non-trading behavior, as she is likely to persistently
choose it, unless, possibly, another alternative in the choice context is notably more attractive.® More specifically, we assume that
the persistence of choosing a specific mode may not be merely inherent — e.g., not merely due to habit — but likely to be triggered
by the context, with the latter being characterized by the attractiveness the preferred alternative against the remaining alternatives.
This tenacity is distinct from the effort-reduction NTH.

The goal of the approach delineated in this section is to discriminate between utility-maximizers and non-traders.

2.1. Model formulation

The framework builds upon the state-of-the-art finite mixture models, under the assumption that each individual in the data
is making choices based on a specific, yet unknown, decision rule. This assumption gives rise to a probabilistic decision process
modeling (PDPM), or latent class, approach (see e.g. Hess et al., 2012; McNair et al., 2012). The conceptual framework is depicted
in Fig. 1.

The probability that an individual »n choses alternative i given the choice set of alternatives C, and the set of possible decision
rules D is defined as

P, |C)= ) Pr,(i] C3d)-Pr,(d), e}
deD

5 This is a common issue in SP designs, where the attributes of the alternatives in the choice experiment are often pivoted around the reference alternative,
where the reference alternative may correspond to the last chosen alternative or the most commonly chosen alternative, in a real context.
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where Pr,(i | C,;d) is the probability that n chooses i given that she uses decision rule d; this is the class-specific choice model
(CSM). Its specification depends on the assumption about the decision rule. Pr,(d) is the probability that » adopts decision rule d
to arrive at making a choice—or else the probability she belongs to class d°. Pr,(d) is the class-membership model (CMM). It can
be modeled as a function of the decision-maker’s characteristics, choice context variables, as well as (depending on availability)
individual-specific attitudinal/perceptual data (see e.g. Hess and Stathopoulos, 2013). In what follows we define the CSMs and the
CMM for the proposed framework.

2.2. Model specification

For the modeling framework depicted in Fig. 1 to be operational, we need to define

1. the class-specific model (CSM), describing the probability Pr,(i | C,; d);
2. the class-membership model (CMM), describing the probability Pr,(d)

The reluctance to change from a specific alternative is captured through the inclusion of inertia effects in the CSM, while the
effect of the context on the persistence of choosing the alternative is incorporated in the CMM and represented by the RA component.
For the specification of the model on SP data, we introduce the notation ¢t € T, denoting the choice task in the sequence of choices
tasks T made by n. We begin with the definition of the CSM for each class of respondents.

2.2.1. Definition of the CSM
Pure random utility maximizers For the two classes of utility maximizers, consistent with the RUM framework, the probability
PE,UM(I‘ | C,; RUM) that an individual » chooses alternative i, with associated utility U,.’n in choice task ¢, from her choice set C,, is

equal to the probability of U/ being the highest utility among all alternatives in C,. This can be formally expressed as
P, (i | C,; RUM) = Pr(U! > U'

jn’

Vj €Cy, (2)
where U/ is decomposed in the following manner

U =V +¢ 3)

in®

with V! being the deterministic or systematic (observable) component of the utility and ¢/, being the random or stochastic
(unobservable) component (to be defined according to the choice context). The systematic part of the utility for the first class is

Vi:,t = ﬁilo + 2 ﬂikle'nk’ “
k

where ﬁil() is an alternative specific constant and f; is the influence of the kth attribute x! on the utility of the alternative i.

k

Random utility maximizers with strong preference for a specific alternative The systematic utilities of the second class are exactly the
same as before, with the addition of the inertia effects capturing the inherent preference of n for a specific i

2 2
V,-,,t =B+ Z ﬁikxzt'nk +v; X1, )
k

where v; are the inertia parameters and I,, are alternative-specific inertia dummy variables, being equal to one, if i corresponds to
the preferred i of n, and zero otherwise (as in Bradley et al., 1996). We assume that, apart from the inertia effects, the same utility
functions hold for all utility-maximizers (first and second class). We postulate class- and alternative-specific constants ﬁl_" , while
whether the attribute sensitivities §;, are class-specific or not is determined during the specification testing.

For the two first classes, we specify the error terms ¢/, for the longitudinal data (similar to e.g. Cantillo et al., 2007)

i = M+ Ci ©®)
where 11,,‘2 are individual-, alternative- and class-specific random variables, invariant over choice tasks + € T, capturing serial
correlation due to multiple responses provided by the same individual and fi"n’ are random white noise terms. We specify the serial
correlation term as 11,?’,, = a,-co:.’n, with the error components w;’" assumed to be standard normally distributed and "g, denoting the
standard deviation of n‘?‘n to be estimated. Finally, we assume e:;’n’ to be independently and identically distributed (i.i.d.) Extreme
Value, allowing us to define PRUM(i | ¢,) as

dt _H1d
i . _ e’in "in A
P, | C,; RUM) = g ViecC,. 7)
jec, ¢
6 Throughout the document, d denotes both the decision rule and the corresponding class of decision makers, with d = {1 : utility-maximizers, 2 :

utility-maximizers with strong preference for a specific alternative, 3 : non-traders}, for the sake of simplicity of the notation.
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Non-traders For the third class of decision-makers, i.e. for the non-traders who use the NTH, we define the heuristic mathematically
on the basis of the RUM. The utility function for the NTH is defined deterministically as

3 0 if i is the preferred alternative p of n, and
Vol = . (€©)]
in —oo otherwise.
and subsequently, by substituting (8) in (7), the choice probabilities become
. ) _ 1 if i is the preferred alternative p of n, and
Pu(i'] 3 NTH) = {0 otherwise. ©)

2.2.2. Definition of the CMM

The definition of the CMM is based on class membership functions describing the behavioral types of the decision-makers and
consequently the probability of a decision-maker in the sample belonging to a class. The class-membership functions of the three
classes read as follows

Flm = CSCI + Zﬁzzn’ (10)
z

Fpy =CSCy+ Y f.2,+0 " RA,(p.)), an
z J#p

F3, = CSC;, (12)

where CSC, are class-specific constants, z, represents the socioeconomic characteristics of the respondent and 6 is the parameter
associated with the RA component RA,, in choice task € T7. For the definition of the RA,, we adopt the formulation described
by Leong and Hensher (2014)%. We define the relative advantage RA,, of the preferred alternative p with respect to every other
alternative j # p in the choice task ¢ as
AP, J)

Ay (. )+ Dy (0, )
where A(p, j) = Y, Ay(p,j) and D(p, j) = X, D, (p,j) are, respectively, the overall advantage and disadvantage of p over j over all
relevant attributes k. The advantage of p over j with respect to k is defined as A;(p,j) = Dy(j,p) = In[1 + exp(B Xk — B X ;1)1
if v (X,) 2 v (X ), and zero otherwise, with v (X ;) being the utility of attribute k for alternative j. Finally, the overall RA of p
over all j # p is Zj RA(p, j).

For the application of the framework to SP data, it is important to bear in mind that — contrary to the common approach - the
CMM probability Pr,,(d) is not constant across choice tasks for a given individual ». This has implications for the definition of the
unconditional probability of the choice sequence y,,...,y,r. When Pr,,(d) = Pr,(d), Vt € T, the unconditional probability of the
sequence of choices is derived by taking the expectation over all d € D

RA,(p, j) = (13)

T
Prn (ynl""MVMT) = ZPI‘” (d)HPI’m (yntld)’ (14)
deD =1
where y,, is equal to one if alternative i is chosen by individual » in choice task 7, and zero otherwise. When the class-membership
varies across choice tasks, the unconditional probability of the choice sequence y,,,...,y,r becomes
1 T
Pr, (Yuis oo Vo) = 2 2 Py (Yuts oo s Vurd) s
deD deD
1 T
= 2 Z Prnt (d) : Prm (ynl’ ’ynTld) 5
deD  deD
1 T
= D Y Pry (@) Py (d) - Pry (Vs s Var )
deD  deD
1 T
=3 o Y Pryy (d) e Prop (d) - Pr, (yald) = Prop (yrld) (15)
deD  deD

T
= Z Z Pr, (d)Pryy (yuld) = Pryp (d)Pro (yurld) .
deD deD

1
= Z Prnl (d) Prnl (ynl |d) Z PrnT (d) PrnT (ynTld) )
deD deD

= ﬁ(Z Pr,, (d) - Pry, (ym|d)>'

t=1 \deD

7 Recall that this is contrary to the traditional use of the RA model, where the RA component is included in the utility functions of the alternatives to capture
the context dependence of preferences. Here, we evaluate the influence of the context on the choice of a decision rule.
8 Earlier formulations of the RA model can be found in Tversky and Simonson (1993) and Kivetz et al. (2004)
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Table 1
Availability of modes.
Source: (Adapted from Weis et al. (2021)).

Car available Trip length? Reported mode Available modes

No Short Walk Walk/bike/PT

No Short Bike Walk/bike/PT

No Short PT Walk/bike/PT

No Long PT -

Yes Short Walk Walk/car/PT

Yes Short Bike Bike/car/PT

Yes Short PT Walk or bike/car/PT
Yes Short Car Walk or bike/car/PT
Yes Long PT Car/PT

Yes Long Car Car/PT

aWhere short trips are those under 10 km.

We can further specify respondent- and class-specific random variables 5,, = 6,w,,, in order to capture the correlation in the
class-membership across observations of the same individual. Same as for the CSMs, the error components w,, are standard normally
distributed and the standard deviation ¢, of #,, is to be estimated. Assuming once again i.i.d. Extreme Value random white noise
error terms f! , the class membership probabilities can be defined as

eFl;n+’ldn
Pr(d)= —"  VdeD. (16)
e crn+’7¢n
ceD
Finally, it is important to note that the model is blind as to whether a respondent’s choice sequence in the SP experiment exhibits

non-trading behavior or not. Every n is eligible to belong to every d with probability Pr,,(d).
2.3. Model estimation

We estimate mixed logit models with random error components (Sections 2.2.1-2.2.2) distributed across individuals but constant
across observations provided by the same individual. The likelihood function of the sample, integrated over the domain of ’7;{1 Mans
can be expressed as follows

T
c=]] / o T X Prut@ | 20 RA )Py = 11y Ty ) (i) g ) gy a”
n n, d

inldn 1=1

As Eq. (17) does not have a closed form for the probabilities, it has to be estimated using maximum simulated likelihood
techniques (see Train, 2009).

3. Case study
This section presents the Swiss SP mode choice dataset that is used for the illustration and empirical application of the framework.

3.1. Data

We use data from a stated preference (SP) survey for mode choice behavior that was conducted in Switzerland in 2015°. The
SP design is based on variations in the attribute values that are centered around each respondent’s RP trip characteristics. In total,
four modes appear in the experiments: (i) walking, (ii) bike, (iii) car and (iv) public transport. Each respondent was presented with
a choice set of two-three alternatives, depending on her availability of transport means and the length of her reported (last) trip for
a specific trip purpose (Table 1). Public transportation is the only alternative that is always in the choice set, while walk, bike and
car are available for 22.5%, 33.7% and 94.1% of the respondents, respectively. We refer to the chosen mode with which the real
reported trip was conducted as the respondent’s revealed preference (RP) choice/mode. The data about the RP choice for the trip
in question is available, along with the socio-economic characteristics of the respondent and her indications about which attributes
of the alternatives she attended for making a choice.

The sample includes 1522 respondents generating 1522 x 8 choice tasks = 12176 observations—after excluding (i) the
observations from the pre-tests, (ii) respondents who did not report their household income and (iii) those who did not answer all
8 experiments in the design. Table 2 presents the descriptive statistics of the attributes of the alternatives in the survey. Concerning
the characteristics of the sample, 813 respondents are men and 709 women. The average age of the sample is 48 years old, with a
minimum age of 18 and a maximum age of 86. 1423 respondents have a driving license and 913 own some type of travel card.'’

9 Data source: Stated preferences surveys for transport behavior 2015, Federal Office for Spatial Development ARE, Bern, 2017, http://www.are.admin.ch/
statedpreference. We refer the reader to Weis et al. (2021) for more details regarding the survey design and the dataset.
10 E.g. a country-wide pass or a half-fare card.
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Table 2
Descriptive statistics of the mode attributes in the survey.
Total travel time Available in # choice tasks min max mean stdev
Walking 2736 6.0 467.0 51.9 41.7
Bike 4104 2.0 140.0 22.3 15.0
car 11456 2.0 395.0 29.5 28.8
PT 12176 2.0 1004.0 43.9 44.9
Total travel cost Available in # choice tasks min max mean stdev
Car 11456 0.9 108.7 7.5 7.2
Public transport 12176 1.4 125.0 7.3 10.4
# of transfers Available in # choice tasks min max mean stdev
PT 12176 0.0 8.0 1.2 1.3
Table 3
Distribution of non-trading respondents over the modes.
Mode Non-trading respondents RP % non-trading
per mode mode shares over RP
Walking 45 (5.4%) 94 (6.2%) 47.9%
Bike 87 (10.5%) 129 (8.5%) 67.4%
Car 597 (71.8%) 1033 (67.9%) 57.8%
Public transport 103 (12.4%) 266 (17.5%) 38.7%
Total 832 1522
Table 4
SP mode shares.
Mode SP mode shares SP mode shares Mode availability for #
trading respondents overall of respondents
Walking 35.9 (5.2%) 80.9 (5.3%) 342 (22.5%)
Bike 82.4 (11.9%) 169.4 (11.1%) 513 (33.7%)
Car 325.3 (47.1%) 922.3 (60.6%) 1432 (94.1%)
Public transport 246.5 (35.7%) 349.5 (23.0%) 1522 (100.0%)
Total 690 1522
Table 5
Statistics on the persistence of the trading respondents in choosing their RP choice over the experiments.
Mode Average persistence Persistence > 0.75 (6-7 tasks)
Walking 0.401 22.4%
Bike 0.577 52.4%
Car 0.561 41.3%
Public transport 0.514 30.7%
Overall 0.539 38.1%

3.2. Non-trading and context-based inertia evidence

Approximately 55% of the retained respondents, i.e. 832, systematically chose their RP choice across all 8 tasks (Table 3). In
Tables 3-4, we denote these individuals as non-trading respondents, because their choices in the experiment exhibit non-trading
behavior. Yet, as discussed in the previous sections, these respondents do not necessarily employ the non-trading heuristic. They
may as well be utility maximizers characterized by strong inertia towards their habitual mode. Here, we deal with SP data where
the context is defined by a RP trip. Hence, inertia is to be interpreted with respect to this reference trip and not as general behavior
of the traveler.

We observe that for each RP mode share, the percent of the individuals that fully stick, across all 8 tasks, to their RP choices
ranges from 38.7%, for public transport, to 67.4% for bike, with walking and car non-traders reaching respectively 47.9% and
57.8%. For each individual whose choices do not exhibit full non-trading behavior, we compute the level of persistence of choosing
her RP choice across the SP tasks. The persistence is computed as the ratio of the number of times an individual chooses her RP
choice over 8, the total number of tasks in the experiment. That is, if she chooses her RP choice four times out of the 8 experiments,
her persistence is 50%. Obviously, for individuals exhibiting non-trading behavior the persistence is equal to one (or 100%).

Table 5 presents statistics regarding the persistence of the respondents depending on their chosen mode of transport in the RP
data. Same as for non-trading respondents, among the trading respondents, those who chose bike in the RP data appear to be the
more tenacious in choosing their preferred mode, followed by those who chose car, public transport and walking. Overall, the
average persistence in the sample of trading respondents is 0.539. 77 of them never chose their RP mode (5.1%) and 22 of them
only chose their RP choice once (1.4%). Fig. 2 shows the distribution of the persistence for the sample of trading respondents.
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Fig. 2. Persistence of the trading respondents in choosing their RP mode over the experiments.

4. Application

In this section, we apply the modeling framework described in Section 2 to the case study presented in Section 3.
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4.1. Specification of the CSM

We postulate that — apart from the inertia effects — the same utility functions hold for all utility-maximizers (first and second
class). We specify class- and alternative-specific constants ASC;’ , while after specification testing, we conclude to (i) generic
attribute sensitivities for the two classes: ﬁi'k = ﬁiz, Vk and (ii) generic time and cost sensitivities for car and public transport
ﬂtotalCost, car — ﬁtotal(}ost, pT = ProtalCost and ﬂtotalTime, car — ﬂtotalTime, pT = ProtalTime- That is, we assume that the only driver for
belonging to the first or second class is the RA component. One might consider the direct sensitivity to the travel attributes to be
different between the two classes—the global sensitivity being different through the RA component. We tested for both class-specific,
as well alternative-specific coefficients, but we faced numerical issues.

For the class of utility maximizers, the systematic utility functions of the four alternatives are as follows

valralk = ASC\}VALK + PwakrivgwalkingTime
+ ﬁvsvz?l?%igmwalkingTimesmmi“, a8)
Vblike =AS CIIBIKE + BeyclerivecyelingTime, 19)
VC{H = ASC(I:AR + Protaicost?otal CarCost + fioiaitimetotal CarTime, (20)

VPIT = ASCllT + ProtalCostticketCost + Pioiartimetotal PTTime

+ ﬁ22 numTransfersZz. 21

numTranfers

For utility maximizers with strong preferences towards a specific alternative, the systematic utility functions are extended to account
for inertia as follows

Vvszzalk = ASC\%\]ALK + -+ Vivalker X Twalks (22)
Vbzike =AS CéIKE + 0+ Veyelist X Thikes (23)
char = ASCéAR + - + Vgriver X carAlwaysAvailable X I, 24)
VPZT = ASCI%T + -+ + Vpr yser X TravelCard X Ipt, (25)

1
dummy variables, being equal to one, if the mode corresponds to the RP choice, and zero otherwise. Unlike previous studies (see

eg. Cherchi and Manca (2011) and Schmid et al. (2019)), the inertia variable here is equal to one no matter whether the alternative
that corresponds to the RP choice is chosen in the SP task or not. This specification of inertia is considered more appropriate for
the present multi-class context, where the objective is to disentangle non-trading behavior due to strong preferences and distinguish
it from the effort-reduction NTH. In addition, it avoids endogeneity issues arising from the inclusion of the choice variable in
the utility function. Finally, carAlwaysAvailable and TravelCard are dummy variables determining full accessibility to car and
possession of public transport subscriptions, respectively. At this point, it is important to keep in mind that some a priori knowledge
of an individual’s preferred alternative is required, i.e. here the RP choice, so that this does not have to be inferred from the SP
data—resulting in endogeneity!'.

For non-traders non-utility-maximizers the utility functions are deterministically given by Eq. (8) and depend solely on the RP
choice. The specification of the CSMs given by Egs. (18)-(25) postulates that the two classes of utility maximizers have the same
value of travel time savings (VTTS), while for the third class the VTTS is obviously zero.

where Vyaikers Veyclist> Vdrivers VPT user ar€ the inertia parameters associated with each mode and I; are the mode-specific inertia

4.2. Specification of the CMM

The specification testing for the inclusion of socioeconomic characteristics in the class-membership functions did not result in
any significant effects. Eventually, only the class-specific constants and the RA component are maintained.

F, = CSCy, (26)

F, =CSC,+60 ) RA,(p, ), @7)
J#p

Fy; = CSC;. (28)

The RA component in this study is computed based on the total cost and the total time of the alternatives while assuming generic
parameters, that is §,, = Bk = P and subsequently A,(p,j) = Di(j,p) = In[1 + exp(f(X ,x — X;)], if v (X ) = v, (X;4), and zero
otherwise. Furthermore, these parameters are constrained to be equal to the fiyicost and Piotartime Parameters of the CSMs defined
in Section 4.1.

11 We would like to thank an anonymous reviewer for pointing out the importance of highlighting this aspect of the model specification.
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Table 6
Summary of goodness of fit.
BM PDPM 1 PDPM 2

# of draws 500 500 500
# of parameters 16 19 27
# of respondents 1522 1522 1522
# of observations 12176 12176 12176
£p) —4317.45 —4245.11 —4143.47
BIC 8752.14 8629.45 8484.79
AlIC 8666.90 8528.22 8340.94

4.3. Estimation results and discussion

We report results from 3 models, gradually extending to the full model specification presented in Sections 4.1-4.2.

Base model with inertia effects (BM): all respondents are assumed to be utility-maximizers with utility functions given by
Egs. (22)-(25)'%

PDPM 1: respondents may belong to each of the following two latent classes: (i) utility-maximizers described by Egs. (22)—(25)
or (ii) pure non-traders described by Egs. (8); CMM based on Egs. (27)-(28)'%;

PDPM 2: full specification as described in Sections 4.1-4.2: (i) utility-maximizers described by Egs. (18)—(21), (ii) utility-
maximizers with strong preferences described by Egs. (22)-(25) or (iii) pure non-traders described by Egs. (8); CMM based on
Egs. (26)-(28);

PDPM 1 (no RA) PDPM 2 (no RA) PDPM 1 PDPM 2
£h) —4280.48 —4244.11 —4245.11 —4143.47

Each model specification was first estimated ignoring the panel nature of the data. The estimated parameters from these
estimations were the starting values for the mixed model estimations on the longitudinal data. The models were estimated in
Biogeme (Bierlaire, 2003) using 500 Halton draws. Table 6 summarizes the goodness of fit for the three models. Table 7 presents the
estimation results. Random terms are estimated for three alternatives only. Theoretically, it would be possible to estimate random
terms for all four alternatives, yet in practice, it was not possible to identify them all.

Both PDPMs 1 and 2 demonstrate a significant improvement in the goodness of fit in comparison with the BM, with PDPM
2 further increasing the likelihood. We have also estimated models PDPM 1 and PDPM 2 without the RA components. The
log-likelihoods of these models, the detailed estimation results of which are not reported here, are respectively —4280.48 and
—4244.11, indicating an improvement in performance both due to the additional class and the inclusion of the RA components,
when considering the results in Table 6. All the estimated parameters of the class-specific model exhibit the expected signs and,
with the exception of some alternative-specific constants and o{,{,"ffé in PDPM 2, are significant. The results indicate strong inertia
for bikers. Table A.1 displays the contributions of the travel time, ASCs and inertia, to the mode utilities of the second class, for
indicative values of travel time (minimum and maximum), in order to allow an interpretation of the magnitudes of the parameters
while taking into consideration the range of the attributes and the scale of the service attributes. The effect of inertia and the
ASCs is not as strong as it initially reads when looking at the estimated parameters in Table 7. The results of PDPM 2 indicate
high heterogeneity of preferences with respect to car (aé‘[iﬁe’ = 18.10) in the first class and strong bias and lower heterogeneity of
preferences with respect to bike.

The contextual parameter 6, associated with the RA component, plays an important role in the CMM; in particular in the
distinction between the classes of utility maximizers and pure non-traders. Recall that the RA component is added in the class-
membership function of utility-maximizers with strong preferences. In PDPM 1, with only two classes of respondents, 0 takes a
negative value, favoring the pure non-traders, while in PDPM 2, with three classes of respondents, it becomes positive, favoring, in
line with our assumption, the class of utility-maximizers with strong preferences. The inclusion of the class of pure utility-maximizers
(no inertia effects) appears to assist the model in discriminating between utility-maximizers with strong preferences and non-traders.
It is interesting to observe the fluctuation of the class-membership components, denoted by r, in Table 7, across the models. PDPM
1 estimates the share of utility-maximizing individuals to 75.5%, leaving the non-trading class with 24.5%. The latter is lower than
the share of the respondents in the data that appear to be non-traders (55%) based on their choices across the 8 tasks. PDPM 2

12 We have also tested the base model without inertia effects, i.e. with utility functions given by Eqgs. (18)-(21), but it was inferior to the one including
inertia effects. Therefore, it is assumed that inertia is present in the sample.

13 We have also tested a PDPM with two classes of utility-maximizers, described respectively by Egs. (18)-(21) and (22)-(25), but it was not possible to
discriminate between the two in the absence of the pure non-trading class.
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Table 7
Estimation results.
Parameter BM PDPM 1 PDPM 2
Value (robust t-test)

class-membership model

ASCirong - 16.60 (2.36) 2.36 (3.00)
ASCron-trader - 0 —6.78 (—4.85)
0 - ~7.74 (=2.02) 3.76 (6.38)
Ogtrong - 12.60 (2.26) 4.28 (7.46)
Onon-trader - 0 10.70 (6.80)
Tader 1 - 0.088
trong - 0.755 0.771
Tnon-trader - 0.245 0.141
class-specific model

d
ASCRRR - - 4.26 (3.07)
ASClrader - - 13.1 (1.59)

d
ASCESer - - 3.30 (0.49)

strong

ASCy e 1.15 (0.92) -0.86 (—0.48) 1.89 (1.58)
ASCyene —0.01 (-0.01) -2.92 (-2.82) —4.49 (-4.09)
ASCEE —0.82 (-3.74) -1.20 (-3.35) —0.78 (~2.36)
<30 mi
Bt -0.18 (-3.30) -0.23 (-4.56) —0.34 (-6.04)
B min, -0.11 (-5.67) -0.12 (-6.82) -0.21 (~7.64)
Peycletime -0.17 (-13.27) —0.26 (—4.89) —0.31 (-8.40)
ProtalTime -0.12 (-13.90) -0.12 (-10.92) —0.23 (~11.47)
Protalcost —0.28 (-10.19) —0.30 (-8.55) —0.61 (-11.12)
2 nfers —0.56 (—4.28) -0.60 (—4.55) —0.76 (-3.67)
Viwalker 4.10 (4.49) 4.13 (4.67) 3.44 (3.83)
Veyelist 9.06 (10.51) 6.07 (6.57) 10.09 (9.73)
Variver 2.57 (7.58) 2.18 (6.64) 2.65 (5.90)
Vor 2.76 (8.86) 1.23 (3.56) 3.03 (6.05)
otrader - - —0.52 (—0.49)
olrader - - -1.80 (-7.65)
glrader - - 18.10 (5.16)
LN 3.43 (8.71) 4.21 (6.73) 5.39 (6.46)
oot 4.66 (13.06) 4.56 (9.23) 5.61 (8.45)
oot 3.05 (15.04) 2.66 (10.95) 3.28 (10.77)
VoT (CHF/h) 249 185 194

decreases the share of non-traders to 14.1%, with 8.8% now representing the pure utility-maximizers and 77.1% those with strong
preferences.

Fig. 3 illustrates the estimated persistence by PDPM 2 for trading and non-trading respondents respectively. This is computed
as the average of the choice probability of the chosen alternative over the choice tasks, when this corresponds to the RP choice
of the respondent. Comparing the estimated persistence of trading and non-trading respondents, we observe that, according to
the expectations, the one concerning the latter group is higher. Fig. 4 illustrates the effect of the normalized overall RA on the
choice probability. As it can be seen in the plot, as well as in the derivations of the mode choice probability with respect to the
RA component in Appendix B, we cannot know the net effect of the RA on the choice probability. It may be positive or negative,
depending on the magnitudes of the choice probabilities [see Eq. (33) of the Appendix].

Fig. 5 illustrates the distribution of the normalized overall RA for PDPM 2, including a segmentation by trading/non-trading
respondents (as observed in the data). The figure confirms the assumption of the model that certain respondents appear to be
non-traders as their chosen alternative is typically more attractive in the experiment in comparison with the remaining alternatives.
Based on the data 832 (55%) respondents can be classified as non-traders; given that they systematically chose their RP choice
across all 8 tasks. According to the final model (PDPM 2), approximately 215 respondents (~14%) are non-traders. This is in line
with the assumption of the modeling framework, i.e. that certain utility-maximizing individuals may exhibit non-trading behavior
as a result of the combination of (i) their strong preference for a specific mode and (ii) the relative advantage of their preferred
mode over the remaining alternatives in the choice experiment. Along these lines, we expect the model to predict a lower share of
non-trading respondents and distinguish between pure non-trades and utility-maximizers with strong preferences. Fig. 5 supports
this assumption. We observe that for respondents that, according to the data, are non-traders, the distribution of the RA component
is shifted to the right, while for trading respondents it is more uniformly distributed. In particular, for about 40% of the observations
pertaining to non-traders the normalized overall RA is greater than 0.9, signifying that the preferred mode is in an advantageous
position in comparison with the remaining alternatives.
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Fig. 3. Distribution of the estimated (w, where I,=1if i=p, and0 otherwise.) and observed persistence for trading and non-trading respondents.

Table 8 provides a summary of descriptive statistics about the overall RA and RD components. Same as Fig. 5, Table 8 illustrates
that for the segment of respondents exhibiting non-trading behavior in the experiment - in contrast with the segment of trading
respondents — the RP mode is in more advantageous positions, as to total time and cost, with respect to the remaining alternatives.'

4.4. Value of time

The value of time (VoT) for the proposed framework is computed as follows

d
U /0T ime BrotarTime

VoT, = Y Pr(d)———— =Y Pr,(d)—o=2Hme, (29)
deD oU4/oCost deD totalCost

while for the average individual in BM, it is simply

oU /0T ime _ BrotalTime
U /dCost  Piotalcost

Table 9 presents basic statistics on the VoT as derived from the three models. Fig. 6 depicts the distribution of the VoT for
each of the PDPMs. PDPMs 1 and 2 reduce the mean VoT predicted by the BM by 6.4 CHF/h and 5.5 CHF/h, respectively. As

Vol = (30)

14 Remark: Only in 4% of the choice tasks the RP mode corresponds to a dominant option with respect to time and cost.
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Table 8

RA component statistics.

Trading respondents PDMP 1 PDMP 2

Y, RA®. ) X, RD(p. j) Y, RA®. ) X, RD(p. j)

min 0 0 0 0
max 2 2 2 2
mean 0.844 0.677 0.849 0.672
stdev 0.502 0.488 0.520 0.504
Non-trading respondents
min 0 0 0 0
max 2 2 2 2
mean 1.053 0.433 1.065 0.421
stdev 0.462 0.460 0.474 0.468

expected, the VoT distribution of the PDPM 1, which entails a higher share of non-traders with VoT = 0 CHF/h, is shifted towards
a lower range of values, and is characterized by bigger standard deviation, in comparison with the distribution derived from the
PDPM 2.

5. Conclusion

We have presented a discrete choice modeling framework with heterogeneous decision rules accounting for non-trading behavior
and its application to a Swiss SP mode choice dataset. The approach incorporates inertia effects and tackles serial correlation in the
SP data. It is the first to consider contextual effects on the probability of a decision rule being employed by an individual; this is
accomplished through the inclusion of a relative advantage component in the class-membership model. The modeling framework
discriminates between utility-maximizing individuals with strong preferences and pure non-trading individuals, both of whom

13
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Fig. 5. Distribution of the normalized overall RA per respondent segment (trading versus non-trading individuals as observed in the data) for

Table 9

Value of time statistics.
CHF/h BM PDPM 1 PDPM 2
min - 12.9 17.6
max - 22.3 21.2
mean 249 18.5 194
stdev - 2.3 0.7

are expected to exhibit non-trading behavior. As expected, accounting for non-trading behavior results in important shifts in the
estimated values of time.

The model specification described in this paper can be extended to further account for inter-personal heterogeneity, through
the inclusion of random parameters f,, associated with the attributes of the alternatives, as well as the inertia effects, in the
CSM, and random parameters 6,, associated with the contextual effects in the CMM. We plan to extend the model with a full
specification of taste heterogeneity, in order to additionally investigate the expected confounding effects between heterogeneity
in the decision-making process and ‘common’ taste heterogeneity (see Hess et al., 2012; Balbontin et al., 2019). Furthermore, we
recognize the limitation of the current specification due to the constrained coefficients between the two classes of utility maximizers.
Further investigation into the assumption of equal direct sensitivities to travel attributes for these two classes is needed. Future
research will consider different coefficients across class-membership and individuals in order to better measure contextual inertia
effects.

Finally, it is of interest to apply the proposed framework to other case studies and choice contexts, in order to investigate the
presence of common patterns among datasets, as well as the ability of the model to disentangle the different manifestations of
non-trading behavior.
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Appendix A

See Table A.1.

Table A.1
Contribution of travel time, ASCs and inertia on the overall utility.
Mode Total time Total time Beta time Total time Total time ASC Inertia
[minimum] [maximum] min contr. max contr. contr. max cont.
Walk 6 467 -0.34 -2.04 —158.78 1.89 3.44
Bike 2 140 —-0.31 -0.62 -43.4 —4.49 10.09
Car 2 395 -0.23 —-0.46 —-90.85 -0.78 2.65
pt 2 1004 -0.23 —-0.46 -230.92 0 3.03
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Appendix B. Derivation of the mode choice probability with respect to the RA component
Derivation of the mode choice probability with respect to the RA component in order to illustrate the effect of its inclusion (in

the class-membership model) on the choice probability. The choice probability can be expressed as Pr;(RA) = ¥, Pr;;;(RA)-Pr (RA).
The derivative with respect to the RA component is

oPr; oPr;;(RA,) oPr,(RA
= ki ~Prd(RAc)+M-Pr,-|d(RAc) } (31)
ORA, & ORA, ORA,
—_—— 20 —_—— M
=0vd, V; >0 for d=2;<0 for d#2

The RA component is only included in the class-membership function of the second class (utility-maximizers with strong
preferences). As a result the derivative in Eq. (2) is 0 Vd # 2. Then,

3
oPr; _ > OPr;(RA,) P | dy =
ORA, & 0RA,
—0-Pr(d=1)-Pr(d =2)-Pr(i | 1)+
4+ 0-Pr(d=2)[1-Pr(d =2)]- Pr(i | 2)- (32)

—0-Pr(d=3)-Pr(d=2)-Pr(i | 3) =
=0-Pr(d =2)-[-Pr(d = 1) - Pr(i | D+
+ [L=Pr(d = 2)] - Pr(i | 2) = Pr(d = 3) - Pr(i | 3)],

where Pr, =

oFe opr, _ [6-Pry(1—=Pr,), forc=d,and
Tozaele+ela*®RA T 9RAy T | -0 . Pr,-Pr,,  forc#d.
Eq. (32) can also be expressed as

oPr; =60-Pr(d=2)-|Pr(i | 2) iP('ld)P(d):
aRAz = T = Tl & Tl T
————— (33)
Pr(i)
oPr >0 if Pr(i | 2) > Pr(i)
0RA’ =6-Pr(d=2)-(Pr(i | 2) = Pr(i)) and is 4=0 if Pr(i | 2) = Pr(i)
2 <0 ifPr(i|2) <Pr(i)
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