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Conditional, Structural and Unobserved Heterogeneity: three essays on
preference heterogeneity in the design of financial incentives to increase

weight loss program reach

Yuan Yuan

(ABSTRACT)

This dissertation consists of three essays on forms of preference heterogeneity in discrete
choice models.

The first essay uses a model of heterogeneity conditional on observed individual-specific
characteristics to tailor financial incentives to enhance weight loss program participation
among target demographics. Financial incentives in weight loss programs have received
attention mostly with respect to effectiveness rather than participation and representa-
tiveness. This essay examines the impact of financial incentives on participation with
respect to populations vulnerable to obesity and understudied in the weight loss liter-
ature. We found significant heterogeneity across target sub-populations and suggest a
strategy of offering multiple incentive designs to counter the dispersive effects of prefer-
ence heterogeneity.

The second essay investigates the ability of a novel elicitation format to reveal deci-
sion strategy heterogeneity. Attribute non-attendance, the behaviour of ignoring some
attributes when performing a choice task, violates fundamental assumptions of the ran-
dom utility model. However, self-reported attendance behaviour on dichotomous atten-
dance scales has been shown to be unreliable. In this essay, we assess the ability of a
polytomous attendance scale to ameliorate self-report unreliability. We find that the low-
est point on the attendance scale corresponds best to non-attendance, attendance scales
need be no longer than two or three points, and that the polytomous attendance scale
had limited success in producing theoretically consistent results.

The third essay explores available approaches to model different features of unobserved
heterogeneity. Unobserved heterogeneity is popularly modelled using the mixed logit
model, so called because it is a mixture of standard conditional logit models. Although
the mixed logit model can, in theory, approximate any random utility model with an
appropriate mixing distribution, there is little guidance on how to select such a dis-
tribution. This essay contributes to suggestions on distribution selection by describing
the heterogeneity features which can be captured by established parametric mixing dis-
tributions and more recently introduced nonparametric mixing distributions, both of a
discrete and continuous nature. We provide empirical illustrations of each feature in
turn using simple mixing distributions which focus on the feature at hand.
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Chapter 1

Introduction

Heterogeneity is a fundamental aspect of preferences. It is self-evident; stepping out-
side of academia and into daily life, the thought of finding two individuals who are
identical in their preferences seems almost ludicrous. While accounting for preference
heterogeneity may not be needed in all cases, it is often useful to equity considerations
in policymaking and necessary to avoid biased estimates. Through three essays, this dis-
sertation explores different forms of preference heterogeneity and suggests approaches
for analyzing each form.

All three essays use as a case study a choice experiment on the design of financial incen-
tives accompanying a behavioural weight loss program. Choice experiments are a type
of stated preference valuation method which elicit preferences over goods or services in
hypothetical markets. They present hypothetical goods or services which are defined by
a set of attributes and the levels those attributes take, a presentation consistent with Lan-
caster’s theory of characteristics of goods (Lancaster, 1966). Respondents to the choice
experiment choose their preferred good or service as if they were in a market situation,
thus yielding choice data which can be analyzed with discrete choice models.

Discrete choice models operationalize preferences via the random utility model, which
assumes that individuals choose alternatives from a choice set to maximize utility (Mc-
Fadden, 1974). Utility may be affected by factors as diverse as subjective perception of
the attribute levels, previous experience with the good or service, assumptions extrap-
olating characteristics of the good or service beyond the presented attribute levels, and
private information like situational constraints. Since the analyst is unable to perfectly
observe all the factors which affect choice, utility is endowed with a stochastic compo-
nent. Consequently, choice models identify choice only up to a probability.

Although heterogeneity in the stochastic component (e.g., scale heterogeneity) has been
studied, many forms of heterogeneity affect the systematic component of the random
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utility, including the ones considered in this dissertation. The first essay uses a model
of heterogeneity conditional on observed individual-specific characteristics to tailor fi-
nancial incentives to enhance weight loss program participation among target demo-
graphics. The second essay investigates the ability of a novel elicitation format to reveal
decision strategy heterogeneity. The third essay explores available approaches to model
different features of unobserved heterogeneity.

The first essay is motivated by the policy goal of enhancing reach (Glasgow et al., 1999)
among individuals who are vulnerable to overweight and obesity or who have been
understudied in the weight loss literature. Incorporating financial incentives into be-
havioural weight loss programs have been previously suggested as a strategy to increase
the efficacy of the programs, but few studies have considered the impact of financial
incentives on the participation rates and representativeness of participants of the pro-
grams. Even fewer have specifically examined the impact of financial incentives differ-
entially, with respect to populations vulnerable to obesity or understudied in the weight
loss literature. Discrete choice models with heterogeneity conditional on individual-
specific characteristics are ideally suited to emphasize both participation and represen-
tativeness, since choice probabilities can be interpreted as probability of participation
and demographic-specific participation probabilities can be predicted.

Using a conditional logit model with interactions between socioeconomic covariates and
alternative-specific variables, we found important policy implications of preference het-
erogeneity across the target demographic groups. Although reward amount and pro-
gram location were the most important attributes for all demographic groups, there
was consistent evidence that, relatively speaking, the African-American sub-population
preferred non- or minimally-monetized incentives. At the same time, the obese sub-
population were very responsive to the reward amount. Our results revealed a trade-off
in participation from those who respond positively and those who respond negatively to
reward amount, indicating a low reward amount may balance the two groups, attracting
the former while minimizing alienation of the latter. However, a better strategy may be
to offer multiple incentive designs, which increases the likelihood that one of the designs
will attract an individual enough to participate in the weight loss program. Although
this strategy has little effect on those who are responsive to the monetary component of
the incentive, such as the obese sub-population, it does no harm and greatly increases
the participation rates among others.

The second essay is motivated by the unreliability of self-reported attribute attendance
behaviour. Attribute non-attendance is the behaviour of ignoring some attribute when
performing a choice task in a choice experiment. This behaviour may present a seri-
ous problem for modelling and inference, because it violates fundamental assumptions
of the random utility model. However, self-reported attendance has been found to be
inconsistent with theoretical expectations, perhaps due to misreporting, conflation be-
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tween low and zero preferences, and variable attendance behaviour across choice tasks.
Polytomous attendance scales, which allow respondents to select a degree of attribute
attendance rather than forcing a binary yes/no response, have the potential to address
these sources of unreliability.

Using conditional logit models in which the coefficients on ignored attributes were con-
strained to zero, we found that the lowest point or lowest two points on the polytomous
attendance scale were the best indicators of non-attendance. Such a specification as-
sumes that self-reported attendance behaviour is reliable, and to assess this reliability, we
used conditional logit models with interactions between self-reported attendance level
and alternative-specific variables. We found that a six-point polytomous attendance scale
contained no more information than a shorter two- or three-point attendance scale, and
further, that none of the scales (polytomous, dichotomous, or trichotomous) displayed
consistency between empirical observations and theoretical expectations.

The third essay is motivated by the plethora of probability distributions available to
describe unobserved preference heterogeneity. Unobserved heterogeneity is often cap-
tured via random coefficients in the systematic component of random utility. The choice
model derived under these conditions is known as the mixed logit model, because it can
be seen as a mixture of choice probability expressions under the standard conditional
logit model. The mixing distribution for the mixed logit model arises from the analyst-
specified choice of distribution for the random coefficients, and in the past decade, the
number and complexity of proposed mixing distributions has increased greatly. Within
this large array of mixing distributions, we recommend analysts choose based on the
heterogeneity features which are relevant according to policy and theoretical perspec-
tives.

We describe established parametric mixing distributions and more recently introduced
nonparametric mixing distributions, with an emphasis on properties which capture dif-
ferent heterogeneity features, such as boundedness, modality, symmetry and depen-
dence between random coefficients. We further divide the nonparametric mixing distri-
butions into continuous and discrete distributions, suggesting that the choice between
continuous and discrete representations of heterogeneity is now much more nuanced,
depending on the policy context, research question and intended audience. Using the
choice experiment on financial incentives in weight loss programs, we empirically illus-
trate the search for each heterogeneity feature. We found strong evidence for dependence
between random coefficients, not only of the linear, correlation type, but also more com-
plex dependence structures. Our evidence for other features was weaker, in part due to
estimation difficulties with some of the mixing distributions.

These three essays are tied by a common theme of preference heterogeneity, but each
considers a different form of heterogeneity and fulfills a different purpose. Although
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preference heterogeneity is a fact, the forms we impose on it are not real – they are arti-
ficial, constructed to shed light on specific research questions. In the first essay, we use
heterogeneity conditional on observed demographics to target specific sub-populations
with customized programs. In the second essay, we attempt to improve the detection of
decision strategy heterogeneity, to avoid confounding taste variation with other forms
of heterogeneity. In the third essay, we provide a guide to the many approaches for de-
scribing unobserved heterogeneity, which, after other forms of heterogeneity have been
accounted for, captures taste variation.
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Chapter 2

Designing financial incentives to
enhance participation of target
populations in weight loss programs

Abstract

Incorporating financial incentives into behavioural weight loss programs have
been previously suggested as a strategy to increase the efficacy of the programs, but
few studies have considered the impact of financial incentives on the participation
rates and representativeness of participants of the programs. Even fewer have specif-
ically examined the impact of financial incentives differentially, with respect to pop-
ulations vulnerable to obesity and understudied in the weight loss literature. This
study uses a discrete choice experiment to investigate preferences among target sub-
groups for the design of financial incentives in a behavioural weight loss program.
We found the presence of significant heterogeneity, with the African-American sub-
population more interested in non-monetary incentives than other groups. In con-
trast, we found the obese sub-population highly responsive to the monetary amount
of the incentive. We suggest a strategy of offering multiple incentive designs to
counter the dispersive effects of preference heterogeneity.

2.1 Introduction

The rapid and persistent rise in obesity prevalence across the nation (and the world) is
widely considered a public health crisis. Recent projections based on US data indicate
that all American adults will become overweight or obese by 2048 if current trends
continue, and that the healthcare costs attributable to overweight and obesity will reach
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almost one trillion dollars in 2030, nearly one-fifth of total US healthcare costs (Wang
et al., 2008). The need for broad-based and effective weight loss interventions has never
been greater.

The WHO suggests that an important component of behavioural weight loss programs
is non-food-based rewards for achievements in weight loss (WHO Consultation on Obe-
sity, 2000). The rationale for using rewards arises from both operant conditioning in
psychology (Jeffery, 2012) and behavioural economics in economics (Cawley and Price,
2011). Weight loss is a complex, long-term phenomenon, and the path from weight
loss behaviour to weight loss itself is not always straightforward. Operant condition-
ing and behavioural economics explain how rewards may help bridge the gap between
weight loss behaviour and weight loss achievement by providing immediacy, saliency,
consistency and commitment. Consequently, the use of financial incentives as a form of
reward in behavioural weight loss programs has compelled the interest of researchers
for decades (e.g., Mann, 1972; Forster et al., 1985; Jeffery and French, 1997; Volpp et al.,
2008; Kullgren et al., 2013).

The vast majority of the studies on financial incentives in weight loss programs have
focused on efficacy in convenience samples, even though “recruiting at-risk groups and
individuals is the first step in an effective weight-management protocol” (WHO Con-
sultation on Obesity, 2000). RE-AIM, a framework to evaluate and enhance translating
research into practice, formalizes this idea in its first dimension, “reach” (Glasgow et al.,
1999). Reach is composed of two components: participation and representativeness.

Participation refers to the absolute number as well as the proportion of willing partic-
ipants, and is important as a prerequisite for a high impact public health intervention.
No matter how efficacious the intervention is, it cannot have a high impact on public
health without willing participants. Representativeness refers to the how well the will-
ing participants represent the target population, e.g., at-risk populations for overweight
and obesity, or those already overweight or obese. Representativeness is an important
factor in improving health and healthcare equity. Research which ignores representa-
tiveness will serve those most willing to be studied or most easily studied, not those
who most need the intervention.

Participation is particularly relevant in the context of obesity, because the high preva-
lence of overweight and obesity calls for high impact programs. High impact programs
require high rates of participation, but only a handful of studies among dozens on fi-
nancial incentives in weight loss programs considered the effect of incentives on partic-
ipation rate. Jeffery et al. (1990) was the only study to have found a significant effect of
treatment condition on participation rate. In their study, two treatment conditions were
offered, paying a $5 program fee or placing a $60 deposit which would be refunded
upon success in the program. The authors found that although the deposit contract
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induced twice as much weight loss, the fee contract induced five times as much enrol-
ment. This finding illustrates the potential for tension between targeting participation
vs targeting effectiveness. In this particular case, the results indicate that adopting the
approach which induces higher enrolment would ultimately have a greater impact than
adopting the approach which induces greater effectiveness (multiplying the community
population, recruitment rate and average weight loss implies 5,950 lb weight lost in the
community under the fee contract vs 912 lb under the deposit contract).

Cawley and Price (2011) and Butsch et al. (2007) investigated the impact on participa-
tion of a control condition versus an incentive condition (deposit contract in the former
study, partial reimbursement of program fees in the latter study). In contrast to Jeffery
et al. (1990), neither study found a significant difference in enrolment rates between the
treatment conditions. On the other hand, Jeffery et al. (1983) and Forster et al. (1985)
found results similar to Jeffery et al. (1990), in that increased burden was associated
with lower enrolment rates. Jeffery et al. (1983) offered six treatment conditions varying
along two dimensions, deposit amount and reward conditions. They found that a lower
deposit amount was associated with a higher enrolment rate. Forster et al. (1985) offered
four treatment conditions varying along two dimensions, group vs self instruction and
required vs optional attendance at weigh-ins and sessions. They found that requiring
attendance was associated with lower enrolment rates in males. However, these two
studies had relatively small sample sizes and the results were not significant. Taken
together, these studies suggest the possibility that incentives which may be perceived as
being more onerous may lower participation rates, although the findings are not conclu-
sive.

The other component of reach, representativeness, is also particularly relevant in the con-
text of obesity because overweight and obesity affect some groups more than others. In
the US, African Americans and low-income women have disproportionately high rates of
overweight and obesity (Flegal et al., 2012; Ogden et al., 2010). However, participants in
weight loss studies are disproportionately female (Pagoto et al., 2012), Caucasian, highly
educated and have higher incomes (Sherwood et al., 1998). Participants in studies on fi-
nancial incentives in weight loss programs follow suit, with a few exceptions. Jeffery and
French (1997, 1999), specifically recruited low-income women in addition to other par-
ticipants, and Relton et al. (2011) oversampled residents of socioeconomically deprived
areas. Jeffery and French (1997) did not find significant treatment effects by participant
type (i.e., men, high-income women and low-income women), although they comment
on some insignificant trends seen in weight gain. Men and high-income women showed
less weight gain with more intervention, but low-income women unexpectedly showed
more weight gain with more intervention. Jeffery and French (1997) reported on the
intermediate progress of a 3-year intervention after 1 year, whereas Jeffery and French
(1999) reported on the same intervention when it was complete after 3 years. How-
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ever, Jeffery and French (1999) did not report on treatment effect by participant type, so
whether the insignificant trends found in Jeffery and French (1997) persisted to program
completion is unknown. Relton et al. (2011) also did not report treatment effect by social
deprivation score. Consequently, the results cannot be used to target vulnerable pop-
ulations, even though the study sample demonstrated representativeness. In order to
close health disparities, we must not only include health-disadvantaged populations in
our studies, but also consider treatment effect interactions. If, for example, low-income
women react differently to interventions, as Jeffery and French (1997) suggest is a possi-
bility, we need to implement interventions which are tailored to this group, rather than
the population average, in order to pursue health equity.

We can only speculate as to why participation and representativeness are understud-
ied in the literature on financial incentives in weight loss. All of the studies in the
literature focus primarily on treatment effectiveness, and consequently, participation is
only a secondary consideration if it is considered at all. Evaluating participation in the
context of treatment effectiveness is difficult because oftentimes, information about the
sampling frame or population of interest is insufficient. Many studies in this literature
used relatively small sample sizes, and hence suffered from weak power in statistical
tests on interaction effects between treatment and demographics. Larger studies, on
the other hand, were sometimes conducted in the workplace context and so the sam-
ples were relatively homogeneous. Ensuring representativeness often requires oversam-
pling, since some sub-populations tend to display lower response rates or be excluded
from studies due to criteria such as illiteracy and co-morbidities. Consequently, what is
needed to inform participation and representativeness in the area of financial incentives
in weight loss is a study which focuses on participation rather than effectiveness, pro-
vides sufficient power to detect interaction effects between demographic characteristics
and intervention options, and uses a clearly defined sampling frame which oversamples
demographics of interest.

Discrete choice experiments answer those needs, and are thus well-suited to studying
both participation and representativeness. Discrete choice experiments are a method for
economic valuation, used particularly when actual market behaviour cannot be observed
(because, e.g., the market does not exist). They elicit preferences for a hypothetical good
or service (e.g., financial incentives in weight loss programs) by presenting versions of
that good or service which vary in its characteristics, and asking survey respondents to
choose which version they prefer. In choice experiment language, each good or service is
defined by its attributes (e.g., payment type) and each version of the good or service takes
on specific level of that attribute (e.g., debit card or gym pass). The attribute levels are
varied systematically according to an experimental design. Lancsar and Louviere (2008)
identify discrete choice experiments as a valuable tool in health economics for evaluating
participation and predicting uptake in new policies or products. Thus, discrete choice
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experiments can be used to understand which characteristics of the financial incentives
are desirable, and thus how the design of the incentive itself can increase or decrease
participation rates.

Furthermore, a much richer exploration of incentive preferences is possible with dis-
crete choice experiments than with traditional studies focused on treatment effectiveness
rather than treatment preferences. Previous studies on financial incentives in weight
loss programs each used only a very limited set of treatment conditions. The major-
ity of studies included only a single treatment condition (i.e., weight loss program with
financial incentive) compared to a control condition (i.e., weight loss program without
financial incentive), equivalent to studying a single factor with a single level (Mahoney,
1974; Jeffery et al., 1990; Cameron et al., 1990; Jeffery et al., 1993a; Jeffery and French,
1997, 1999; Jeffery et al., 1998; Heshka et al., 2003; Hubbert et al., 2003; Butsch et al.,
2007; John et al., 2011; Relton et al., 2011; Petry et al., 2011; Crane et al., 2012; Lahiri
and Faghri, 2012; Moller et al., 2012). Other studies used a single factor, but with two
levels (Mann, 1972; Wing et al., 1981; Jeffery et al., 1984; Forster et al., 1985; Jeffery et al.,
1985; Kramer et al., 1986; Jeffery et al., 1993b; Volpp et al., 2008; Augurzky et al., 2012;
Reuss-Borst et al., 2012; Kullgren et al., 2013) or three levels instead (Jeffery et al., 1978;
Finkelstein et al., 2007). A few studies have used two factors with two or three lev-
els for each factor (Saccone and Israel, 1978; Jeffery et al., 1983; Mavis and Stöffelmayr,
1994), and no study has used more than two factors. As far as the author is aware, six
(2 × 3) is the maximum number of treatment conditions in any study design (Jeffery
et al., 1983). The ‘attributes’ in discrete choice experiments are equivalent to the ‘factors’
in general experiments. In a literature review of discrete choice experiment applications
in health economics from 1990–2000, Ryan and Gerard (2003) found that studies used
two to twenty-four attributes, with most studies including four to six attributes. Hence,
discrete choice experiments typically consider a far greater number of factors and levels
than previous studies on financial incentives in weight loss programs.

One consequence of the limited number of factors and levels used in the design of pre-
vious studies is the lack of comparability across studies. Treatment conditions varied
from study to study, and because each study contained so few treatment conditions,
they rarely overlapped with each other. Among those studies which included more than
one treatment condition, many factors were studied: reward condition, positive or neg-
ative incentive, type of individual giving reward, magnitude, social aspect of treatment,
reward schedule, treatment schedule, reward type, and certainty of reward. Hence, few
studies included the same factors. Moreover, even if two studies included a common
factor, the levels of that factor were often different. For example, reward condition, one
of the more popular factors, could take levels such as weight loss (Jeffery et al., 1978;
Saccone and Israel, 1978; Forster et al., 1985; Mavis and Stöffelmayr, 1994), attendance
at instructional sessions or weigh-ins (Forster et al., 1985; Kramer et al., 1986; Mavis and
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Stöffelmayr, 1994), a combination of both weight loss and attendance (Kramer et al.,
1986), calorie restriction (Jeffery et al., 1978) and change in eating behaviour (Saccone
and Israel, 1978). Thus, very few studies compare treatment across the same factors and
levels, and the findings from single treatment condition studies are even more difficult to
generalize and compare across studies. The literature suffers from wide variation across
studies not only with respect to incentive configurations, but also with respect to the
weight loss interventions which the financial incentives accompany (Paul-Ebhohimhen
and Avenell, 2008; Burns et al., 2012; Jeffery, 2012). As a result, arriving at conclusive
findings is difficult.

Discrete choice experiments are also appropriate for studying the representativeness of
participants in weight loss programs with financial incentives. Discrete choice exper-
iments are implemented as surveys, and thus are usually cheaper to implement than
interventions. Consequently, larger sample sizes and more factors and levels in the
experimental design are easier to attain. Additionally, we can oversample target popula-
tions to ensure adequate representation of their preferences in the choice data. Discrete
choice theory then provides a simple way of estimating interactions between treatment
conditions and individual characteristics. Understanding subgroup preferences allows
us to customize health interventions for target populations, encouraging representative-
ness.

Subgroup treatment effects have rarely been studied. Among the few studies which
considered interaction effects between treatment conditions and demographic variables,
gender was the most popular individual characteristic studied. Most of those studies
found a significant gender interaction effect (Jeffery et al., 1984; Forster et al., 1985; Hub-
bert et al., 2003; Cawley and Price, 2013; Reuss-Borst et al., 2012), but a few did not
(Jeffery et al., 1993b; Finkelstein et al., 2007). Other characteristics whose interaction
effects have been studied include age (Jeffery et al., 1985; Hubbert et al., 2003; Finkel-
stein et al., 2007; Cawley and Price, 2013), job category (Jeffery et al., 1985, 1993b) and
race (Finkelstein et al., 2007), but none of these interaction effects were found to be sig-
nificant. Among previous studies on financial incentives in weight loss programs, one
is particularly notable for its extensive consideration of treatment effect heterogeneity.
Reuss-Borst et al. (2012) found that increasing the magnitude of the financial reward
increased weight loss among women, migrants, those in good health and those who fre-
quently cook at home. Moreover, women, singles, unemployed and those who seldom
cook at home were induced to lose weight with financial rewards, but did not do so in
the absence of a financial reward.

This study uses a discrete choice experiment to elicit preferences for financial incentive
designs in a behavioural weight loss program, conditional on individual characteristics.
The incentive designs are defined using five attributes: reward magnitude, program
location, payment form, reward condition and payment frequency. The weight loss
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intervention which the financial incentive accompanies is held fixed across all versions
of the financial incentive, and is a standard behavioural weight loss program (Pinto et al.,
2007). Overweight or obese adults were recruited for the study, and low socioeconomic
status individuals and males were oversampled. Relevant demographic characteristics
were interacted with incentive design attributes in order to model subgroup preferences.
This study contributes to the literature in several ways: 1) focusing on participation
rather than effectiveness, 2) considering a far greater number of factors and levels than
previous designs, while holding the weight loss intervention itself fixed, 3) oversampling
populations at risk for overweight and obesity or understudied in the previous literature,
4) modelling subgroup preferences so that interventions can be customized for target
populations.

2.2 Methods

In this section we describe the methods we use to model and interpret the preferences
for financial incentive designs in a behavioural weight loss program. We first begin with
an overview of discrete choice theory, which provides the theoretical basis and anal-
ysis approach for data generated by discrete choice experiments. We describe how the
presence of individual heterogeneity (e.g., interactions between individual characteristics
and incentive attributes) can be detected and modelled. We then interpret the discrete
choice model by examining the importance of each attribute to different subgroups and
the subgroup preferences for attribute levels within each attribute. This interpretation
can be used to design incentives which will be attractive to target sub-populations.

2.2.1 Discrete choice theory

Choice experiment data are typically analyzed with choice models (Holmes and Adamow-
icz, 2003), which can be derived from the random utility model (RUM). RUMs are based
on the theory of characteristics of goods (Lancaster, 1966), in which preferences are de-
fined over the attributes of the goods rather than the goods themselves. Specifically, the
random utility an individual i receives from by choosing an alternative j is defined as

Uij = Vij + εij

that is, the sum of a deterministic component, the systematic utility Vij, and a stochastic
component, the error term εij.

Choice is modelled by comparing the random utility of different alternatives for the
same individual. That is, an individual i is assumed to choose alternative j if the random
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utility of that alternative Uij exceeds the random utility of all other alternatives in the
choice set, Uim, m 6= j. Hence, the probability that individual i chooses alternative j is
pij = Pr(Uij > Uim)∀m 6= j. The specification of the error term determines the type
of choice model. For our primary model, we specify the error term to be iid Gumbel-
distributed, resulting in the conditional logit model, which has the following choice
probability expression:

pij =
exp(Vij)

∑m exp(Vim)

We use a straightforward linear additive specification for the systematic utility in the
primary conditional logit model.

Vij = Xijβ

where Xij are the independent variables and β are the preference parameters on those
variables. Xij includes main effect terms for the alternative-specific terms (variables as-
sociated with the attributes), main effect terms for the individual-specific terms (demo-
graphic characteristics), and first order interaction terms between the alternative-specific
and individual-specific terms. The inclusion of interaction terms allows attribute effects
to differ by demographic characteristics.

2.2.2 Preference heterogeneity

To establish the presence of preference heterogeneity, we use a secondary model in the
form of a random parameters logit model. The presence of preference heterogeneity
suggests that it may be captured by observable characteristics, which can be used to
customize incentive designs and inform targeted policies. A random parameters logit
model allows preference parameters to differ across individuals, by specifying them
as being drawn from a probability distribution, such as the normal distribution. Its
choice probability expression is also in the form of a multinomial logit, save that the
logit probability is an expectation with respect to the assumed preference parameter
distribution:

pij =
∫ exp(V(Xij; β))

∑m exp(V(Xim; β))
f (β)dβ

where X contain variables representing the attribute levels and β are the preference
parameters for those attribute levels. Hence, the secondary random parameters logit
model is an attributes-only model which does not include any observed demographic
variables, but is used to establish the need for including demographic variables into the
primary conditional logit model.

If the presence of preference heterogeneity is established, we can try to capture some of
that heterogeneity using interactions with demographic variables in the primary condi-
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tional logit model. As discussed in the introduction, previous studies have found that
gender and employment status may have significant interactions with treatment condi-
tions. Furthermore, obesity and overweight disproportionately affect African Americans
and low-income women, so relevant demographic characteristics associated with target
populations are race, gender and income. We also argue for the inclusion of educational
attainment on intuitive grounds. We expect that health literacy and numeracy are impor-
tant in comprehending the survey, the weight loss program presented, and the financial
incentives, particularly their attribute levels. Educational attainment should serve as a
proxy for health literacy and numeracy. Combining these findings with characteristics
of at-risk populations, the relevant demographic variables which are available from our
survey instrument are race, gender, income, employment status and education. We also
include weight status because the foremost target population of a broad-based weight
loss intervention individuals is those who are already overweight and obese. Most sub-
sequent analysis is then conducted using the primary conditional logit model, which
captures preference heterogeneity using interaction terms between attributes and the
named demographic variables.

2.2.3 Attribute importance

In the context of translational obesity research, attribute importance, in addition to pref-
erence heterogeneity, is a useful output of choice models. If an attribute is relatively
unimportant, then implementations of the incentive design may either ignore it or set it
to a level convenient for implementation (rather than a level which is most preferred by
potential participants), thus decreasing implementation cost. Conversely, if an attribute
is relatively important, then policy implementations should ensure that it is set to the
optimal level to target desired populations.

In this study, we use partial log-likelihoods to determine attribute importance because
this approach assesses the impact of entire attributes rather than individual attribute lev-
els (Lancsar et al., 2007). This approach proxies attribute importance with the relative ex-
planatory power of the attribute, as measured by differences between the log-likelihood
value of the full model and the log-likelihood value of a reduced model in which the
attribute has been removed. Attributes which are more important, in some sense, will
contribute more explanatory power to the model leading to larger differences between
the full and partial log-likelihood values.

Specifically, we estimate partial models, in which all variables associated with a particu-
lar attribute is dropped from the specification. We compute the difference between the
log-likelihood of the partial model and the log-likelihood of the full model, which we
call the partial effect. These partial effects are computed for every attribute in the choice
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experiment.

We perform the partial log-likelihood analysis separately for each demographic sub-
sample of interest: obese, African Americans, low-income women (females with house-
hold income $40,000 or less), and males. These demographic groups are based on the
sub-populations which are vulnerable to obesity or understudied in the weight loss
literature. Since the related individual-specific covariates are unidentified for the sub-
samples (e.g., the BMI status covariate is unidentified for the obese sub-sample, gender
is unidentified for the male sub-sample), we apply the partial log-likelihood analysis to
a secondary, attributes-only conditional logit model. We do not use the primary condi-
tional logit model in this part of the analysis because the full model specification would
necessitate removing the unidentified individual-specific covariates, resulting in a differ-
ent model specification for each sub-sample. Consequently, the model results would not
be comparable across sub-samples.

2.2.4 Attribute level preferences

After ranking the attributes by importance, we also need to determine the relative pref-
erence for levels within each attribute, conditional on relevant demographic variables.
The relative preferences for attribute levels suggest the optimal combination of attributes
and levels for target demographic groups which will maximize the probability of partic-
ipation. The relative preferences for attribute levels can be determined using probability
analysis, in which the participation probabilities under a base incentive design and a de-
sign in which one attribute takes on a different level are compared (Lancsar et al., 2007).
In the context of understanding the role of financial incentives in weight loss program
participation decisions, the most natural base case is the opt-out alternative. Hence, we
modify the probability analysis to focus on the participation probability (the probability
that respondents choose not to opt out) as a measure of the ‘marginal effect’ of a given
attribute level.

Specifically, we consider a choice set with two alternatives, the opt-out alternative and a
design alternative which differs from the opt-out alternative by only one attribute level.
Using the primary conditional logit model, we predict the probability that the design
alternative will be chosen, and call this probability the participation probability. We
systematically define design alternatives for every attribute level, and rank the attribute
levels by predicted participation probability within each attribute.

The reward amount attribute deserves special attention here. Not only is it likely to be of
considerable policy interest since it could be the primary cost driver in implementation,
but it is also the only continuous attribute and thus requires somewhat different anal-
ysis. Participation probability could very well monotonically increase with the reward
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amount, at least for some individuals, thus precluding the existence of an optimum level.
Instead, it may be more useful to investigate the responsiveness of participation probabil-
ity to reward amount, conditional on relevant demographic variables. Some subgroups
may show greater response than others, indicating for whom increasing reward amount
will have the most effect.

As a point of clarification, note that the attribute level analysis is based entirely on
predicted choice probabilities from the primary conditional logit model (that is, with a
full model specification including all interactions with demographic variables). Since
subgroup analysis conducted on predicted choice probabilities rather than at the level
of the estimation dataset, identification is no longer a problem as it was for the attribute
importance analysis.

Furthermore, analysis at the level of predicted choice probabilities allows generalizing
beyond the study sample. We treat each unique combination of demographic variables
as an individual profile (e.g., an employed, white female with high education, high income
and normal weight), and appropriately weighting each individual profile yields results
representative of the sub-population of interest. Thus, the predicted participation prob-
abilities are specific not only to design alternatives but also to individuals. Hence, the
rankings of attribute levels within attributes are also individual-specific. Using appro-
priate weights, these individual-specific rankings can be summarized in a representative
way.

2.3 Data

In this section we describe the development of the survey instrument and choice ex-
periment and the implementation of the survey. Attributes and their levels used in the
choice experiment were developed through both literature review and focus groups. The
choice experiment was conducted in the context of a standard behavioural weight loss
intervention. The description of the intervention was identical across all versions of the
survey instrument; only the financial incentive design itself was varied across choice
tasks and survey instrument versions. The choice experiment was conducted via mail
survey, and participants were recruited from obese or overweight adults, identified from
the electronic patient database of a partnering healthcare organization. In particular,
low-socioeconomic status individuals and men were targeted for oversampling.
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2.3.1 Survey development

The main objectives during development were 1) to ensure accessibility to low-socioeconomic
status individuals, and 2) to identify and describe the attributes of incentive designs
which are plausible and relevant to policy and practice.

The initial draft of the survey instrument was reviewed during a listening session with
program assistants and instructors associated with the Expanded Food and Nutrition Ed-
ucation Program (EFNEP), a nutrition education program aimed at low-socioeconomic
status individuals. Subsequent drafts of the survey instrument were piloted and dis-
cussed during four focus groups at different locations in the recruitment area. The first
focus group was recruited from the client group of an EFNEP program assistant, and
the remaining focus groups were recruited from clinics of our research partner, Carilion
Clinic, a healthcare organization in southwest Virginia.

In order to meet the first objective, survey instrument readability was improved in a
number of ways. Descriptions of the weight loss intervention and the incentive design
attributes were shortened, and an effort made to use simpler language. Pictograms and
examples were added to the descriptions to enhance comprehension. Format, layout and
flow of the questions were designed to improve readability and facilitate higher response
rates.

In order to meet the second objective, a literature review was conducted to form the
initial set of attributes and attribute levels. Payment frequency, reward magnitude, pay-
ment form, and reward contingency were all attributes found to be varied in previous
studies. From the focus groups, we learned that program location also had the potential
to be an important attribute. A pilot study found that, for payment form, a grocery card
was perceived in the same way as cash, so we replaced that the grocery card level with a
health debit card that could be used for doctor’s visits, prescriptions and other medical
expenses.

Table 2.1 describes the final list of attributes and attribute levels used in our choice exper-
iment, and Figure 2.1 displays the attributes and attribute levels as they were described
in the survey instrument. Figure 2.2 displays an example of the choice task presented
to respondents. Notice that respondents were allowed to opt out of the weight loss
program (and perforce any accompanying incentive design).

The weight loss program with which all financial incentives were associated was a stan-
dard behavioural weight loss program (Pinto et al., 2007). The intervention was de-
scribed as being six months long, and hence, the total reward magnitude attribute refers
to the total over six months. The intervention involved a dietitian meeting, coaching
calls, diet planning and tracking, exercise planning and tracking, and weekly weigh-ins
(Figure 2.3).
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Attribute Attribute levels

Reward amount $0, $48, $96, $216, $384, $576

Payment form Cash
Pre-paid gym pass (gym)
Health debit card for doctor’s visits, prescriptions, and other
medical expenses (medical)
Debit card (debit)

Payment frequency Once at end of program (once)
Quarterly
Monthly
Weekly

Program location Clinic
Workplace
Community center
Church

Reward condition Losing 2 lbs (weight)
Attending weekly weight checks (attendance)
Turning in records of diet and exercise (compliance)
Attending weekly weight checks and turning in
records of diet and exercise (att.comp)

Table 2.1: Attributes and attribute levels used in constructing the financial incentive.
Abbreviated terms used in the text are in parentheses. Baseline levels for categorical
attributes are set in italics. Reward amount is defined as the total possible payment
over the duration of the six-month intervention. Choice sets as presented to respondents
included both the weekly reward amount and the total reward amount.
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6

Program Incentives

The weight control program described in Section B can include incentives for
participation. The information on this page is about different incentives that can
be added to the program.

Program location
This is where you go for the weekly
weight checks and meet with the
dietitian. It is not where you have to
exercise.

Examples
• Clinic
• Workplace
• Community center
• Church

Weekly weight control goal
You must achieve this goal to earn the
reward each week. Some weeks you
may not meet the goal. In those weeks
you will not earn the reward.

Examples
• Losing 2 lbs
• Turning in complete

records of diet and exercise
• Attending weekly weigh-ins

Weekly reward available
This is the dollar value of the weekly
reward. You have an opportunity each
week to earn this reward by achieving
your weekly weight control goal.

Examples
• $5 per week
• $24 per week
• $36 per week

Payment frequency
This is how often you get paid the
rewards you have earned. Remember
that you earn rewards by achieving the
weekly weight control goal.

Examples
• Weekly
• Monthly
• Quarterly
• Once at program end

Weigh in weekly

Achieve weight
control goal

Earn weekly
reward

Get paid
periodically

Payment form
This is how you are paid. Each type will
have the same dollar value as if you
were paid in cash.

Examples
• Cash or debit card
• Pre-paid gym pass
• Health debit card for doctor's

vists, prescriptions, and other
medical expenses

Receive payment

C

Figure 2.1: Description of financial incentive attributes and attribute levels as presented
in the survey instrument.
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10

1 Please consider the following two weight control programs.

Which weight control program would you choose?
Please check one box.

1 Program A

2 Program B

3 I would not choose either program.

114

Figure 2.2: Example of choice question
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4

Exercise plan
Use a personal workbook to
plan exercise that's just
right for you.

Exercise tracking
Record physical activity
online or on paper. Find out
how many calories you used.

Program weigh-ins
Weekly weight checks at
program location. Only
program staff will see your
weight.

Diet plan
Use a personal workbook
with recipes and more to
plan healthy meals.

Diet tracking
Record meals and snacks
online or on paper. Find out
how many calories you ate.

Dietitian meeting
Have a one-time meeting
with a dietitian to develop
personal diet and exercise
plans.

Coaching calls
Receive weekly calls to help
you follow your diet and
exercise plans.

Weight control program

This section is about a weight control program to start people on the path to
losing weight. It is 6 months long, which is 24 weeks. People who followed this
program closely lost about

1-2 lbs 24-48 lbs
per week results in over 24 weeks

Each picture below represents one part of the program.

B

Figure 2.3: Description of behavioural weight loss intervention associated with financial
incentive design, as presented to respondents.
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Choice sets (i.e., the pair of incentive designs presented in the choice task) were con-
structed using a D-efficiency design, in which a large number of possible designs were
drawn from the full factorial design and sequentially compared with respect to the D-
efficiency criterion1. A total of 96 choice sets were constructed, and each survey in-
strument contained four choice sets, resulting in 24 instrument versions. These were
assigned randomly and distributed as evenly as possible to the survey sample.

2.3.2 Survey implementation

Survey participants were recruited through our research partner, Carilion Clinic, using
their electronic patient database. Based on eligibility criteria (adult obese or overweight)
and desired demographic profile (e.g., oversampling males and low socioeconomic status
individuals, as inferred by insurance status), 7,554 patients were randomly drawn from
the database. These patients were mailed introductory letters, signed by their primary
care physician, describing the study and alerting them to the next step of the recruitment
process, a telephone call seeking consent. Only 2,737 individuals consented to the survey
during phone recruitment, primarily due to the high rate of invalid phone numbers
in the electronic patient database (88% reachable by phone consented to the study).
Those individuals who consented to the survey by telephone were sent the survey via
mail, then a reminder postcard, and finally another copy of the survey if they had not
yet responded. The number of completed surveys received was 1,297, yielding a 47%
survey completion rate. Of the completed surveys, one survey was excluded because the
respondent was younger than 18 years old. Hence, the final number of surveys analyzed
was 1,296.

2.3.3 Supplementary data

As described in subsection 2.2.4, including demographic interactions and conducting
analyses on predicted choice probabilities open the possibility for generalizing results
beyond the study sample by using appropriate weights. We use the 2009-2010 National
Health and Nutrition Examination Survey (nhanes) as a supplementary dataset to pro-
vide these weights. nhanes is a nationally representative survey which provides demo-
graphic and health data, including all of the relevant demographic variables identified
in the methods section (race, gender, income, employment status and education). Each
observation in the nhanes dataset is assigned a sample weight. To arrive at the sample
weight for a specific combination of individual characteristics, we sum the weights for

1The D-efficiency criterion refers to the goal of maximizing the determinant of the Fisher information
matrix of the parameter estimates.
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all the observations which display that specific combination. When we predict a partic-
ipation probability for a specific individual profile, we also assign the profile’s sample
weight to the participation probability. Then, we use the sample weights when aggregat-
ing across probabilities (e.g., taking a weighted mean of the probabilities). This approach
can be seen as creating a synthetic population based on the adult US population, and
predicting market shares in that synthetic population (Hensher et al., 2005, p 440).

Note that the nhanes sample weights and generalization to sub-populations are only ap-
plied for analyses which use predicted participation probabilities. None of the discrete
choice models are actually estimated using a weighted sample. It is only the participa-
tion probabilities predicted from the estimated primary conditional logit model which
are weighted. The analysis of attribute level preferences uses predicted participation
probabilities, while the whole attribute importance analysis relies on log-likelihood val-
ues of the estimated model, and therefore is limited to in-sample interpretation.

2.4 Results

We begin this section by describing the characteristics of the study’s sample, which re-
veals that our oversampling strategy was successful in recruiting a more heterogeneous
sample, better reflecting the sub-populations vulnerable to obesity and overweight. We
use this heterogeneous sample to assess the presence of preference heterogeneity across
individuals using a secondary random parameters logit model. Once we establish prefer-
ence heterogeneity, we control for it using relevant demographic variables in the primary
conditional logit model. We interpret the estimated primary conditional logit model by
rank ordering whole attributes by their relative importance for each subgroup of inter-
est. Attributes identified as important have a disproportionate impact on weight loss
program participation decisions, and should therefore receive careful attention in future
studies or implementations. We also interpret the estimated primary conditional logit
model by assessing relative preferences for attribute levels within each attribute and for
each individual profile. Attribute levels which are highly preferred will increase the
probability of weight loss program participation the most, and should therefore be a
part of future studies or implementations. Due to significant preference heterogeneity,
the most preferred attribute levels are not necessarily the same for each individual, and
so we propose and show the benefits of offering more than one level for each attribute.
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2.4.1 Sample characteristics

Table 2.2 compares the socio-demographic characteristics of the respondent sample to
those of Virginia. Compared to the rest of Virginia, our sample is relatively more African-
American, male, low-income, unemployed, and overweight or obese. These differences
show that our strategy of recruiting overweight or obese adults2 and oversampling males
and low socioeconomic status individuals was successful. Our sample is heterogeneous
and reflects those most vulnerable to overweight and obesity or those who have been
understudied in previous weight loss studies.

2.4.2 Preference heterogeneity

We first assess the presence of preference heterogeneity across individuals using the sec-
ondary random parameters logit model. Table 2.3 presents the coefficient estimates of the
model, whose specification attribute level variables and an alternative-specific constant.
The alternative-specific constant ASC.SQ represents the effect of the opt-out alternative,
and can be interpreted as the remaining effect on utility the opt-out alternative has, af-
ter accounting for all the attribute levels. Another constant to note is the term Mag.0,
which helps to differentiate the opt-out alternative from a design alternative with the $0

reward amount. The only attribute difference between the two alternatives is program
location, and so we include the constant Mag.0 in order to further differentiate the two
alternatives, beyond program location. Note that all discrete variables are effect-coded,
and in particular, the two constants are binary variables which take value −1 when true
and 1 when false. Therefore, a positive coefficient on ASC.SQ is interpreted as an overall
willingness to participate in a weight loss program with a financial incentive. A positive
coefficient on Mag.0 is interpreted as increased willingness to participate when facing an
incentive design with a non-zero reward amount. Also note that the only continuous
variable, reward amount, is log-transformed3.

The coefficient standard deviation estimates reveal significant preference heterogeneity
across individuals. For each attribute, at least one level displays a standard deviation
estimate significantly different from zero. When the standard deviation estimates are
significant, the coefficient of variation is always greater than 1, and often much greater.

2Discrepancy between our eligibility criteria and respondent characteristics can be explained by the
discrepancy between the source of data. Recruitment into the study was based on an electronic patient
database, which included height and weight (but of unknown date and accuracy), whereas respondent
characteristics were computed based on self-reported height and weight from the survey instrument.

3As suggested in Lancsar and Louviere (2008), the choice of transformation is based on graphing
estimates of the coefficients on reward amount levels (in a conditional logit model) and observing a
log-linear relationship between reward amount level and coefficient estimates. Details can be found in
section 6.B.
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Sample Virginia

Race
White 49.0% 71.3%
Black 41.1% 19.8%
Native American 0.48% 0.1%
Asian 4.0% 5.8%

Gender
Female 43.1% 50.9%

Income
Household income $10,000 or less 17.6% 5.7%

Employment status
Percent unemployed 42.3% 6.9%

Education
High school graduate or higher, percent age 25+ 87.0% 86.6%
Bachelor’s degree or higher, percent age 25+ 27.1% 34.4%

Weight status
Underweight 0.1% 2.0%
Normal weight 7.2% 34.4%
Overweight 38.3% 36.2%
Obese 54.3% 27.4%

Table 2.2: Comparison of sample characteristics to Virginia demographic characteristics.
Sources of data include Virginia QuickFacts (US Census Bureau), American Community
Survey (2008-2012 5-year estimates), and the BRFSS prevalence and trends data (2012).
Weight status is assigned based on computed BMI, using CDC definitions of weight
classification.
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Means Standard deviations

ASC.SQ 0.076 (0.117) 1.455∗∗∗ (0.078)

Reward amount
log(Mag + 1) 0.377∗∗∗ (0.043) 0.440∗∗∗ (0.025)
Mag.0 0.038 (0.121) −0.386∗∗ (0.131)

Program location
Workplace/Clinic −0.227∗∗∗ (0.048) −0.116 (0.115)
Community center/Clinic 0.171∗∗∗ (0.049) 0.314∗∗ (0.106)
Church/Clinic −0.193∗∗∗ (0.050) 0.514∗∗∗ (0.101)

Payment form
gym/cash −0.126∗ (0.053) 0.549∗∗∗ (0.113)
medical/cash −0.181∗∗∗ (0.051) −0.321∗∗ (0.117)
debit/cash 0.175∗∗∗ (0.051) 0.171 (0.127)

Reward condition
weight/attendance 0.118∗ (0.054) 0.288∗ (0.122)
compliance/attendance −0.072 (0.052) 0.492∗∗∗ (0.112)
att.comp/attendance −0.143∗∗ (0.049) −0.201 (0.120)

Payment frequency
weekly/once 0.131∗ (0.057) 0.334∗∗ (0.118)
monthly/once −0.027 (0.049) 0.064 (0.127)
quarterly/once 0.042 (0.051) 0.202 (0.117)

Log-likelihood −4362.491
N 4994

Table 2.3: Random parameters logit model estimates. Column 1 reports the estimated
coefficient means while column 2 reports the estimated standard deviations. All coef-
ficients were assumed to follow a normal distribution. Standard errors are reported
in parentheses below the coefficient estimates. See the text for the meaning of the
alternative-specific constants ASC.SQ and Mag.0.
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These results indicate that we should attempt to capture some of this heterogeneity with
observed characteristics. Earlier, we identified the relevant demographic variables as
race, gender, income, employment status, education and weight status on the grounds of
policy relevance. Hence, the primary conditional logit model we use for the remainder
of the analysis includes attribute level variables and demographic variables as main
effects as well as interaction terms between the attribute level variables and demographic
variables.

Now that we have established preference heterogeneity, we estimate the primary condi-
tional logit model, which captures that heterogeneity via interaction terms between at-
tributes and demographic variables. Given the extensive number of coefficient estimates
for this model and the difficulty of interpreting these estimates, we present them in sec-
tion 6.A. Instead of considering the coefficient estimates directly, we interpret them in
terms of attribute importance and, through predicted choice probabilities, attribute level
preferences.

2.4.3 Attribute importance

We now consider the relative importance of whole attributes for each policy relevant
demographic group. Figure 2.4 presents the results of the partial log-likelihood analysis.
Relative importance in the figure is measured as the partial effect relative to the sum of
all partial effects for a given sub-sample.

For the full sample, reward amount is predictably more important than any other at-
tribute. However, program location is the second-most important, and for several sub-
groups (blacks, low-income women and males), program location is more important
than reward amount. This result is consistent with our experiences during focus groups,
where participants were particularly concerned with program location when discussing
their choices (due to a number of reasons, such as convenience, travel time, and privacy).

The least important attributes were payment form, reward condition and payment fre-
quency. However, their rankings among the subgroups vary greatly. The black sub-
sample found reward condition more important and payment frequency least impor-
tant, while low-income women found payment frequency more important and reward
condition least important. One would expect that individuals concerned with payment
frequency would also be concerned with reward amount, but for low-income women,
the program location matters more. One possible reason for this ranking is that low-
income women may be more likely to have constraints on their transportation options,
and so program location may reflect a financial concern, rather than simply convenience.
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Full sample (100%) Obese (54%) Blacks (40%)

Low−income women (30%) Males (58%) Females (42%)

Payment frequency

Reward condition

Payment form

Program location

Reward amount

Payment frequency

Reward condition

Payment form

Program location

Reward amount
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Relative importance

Figure 2.4: Relative importance of whole attributes as measured by partial log-likelihood
analysis. Percentages next to each sub-sample name indicates the proportion of the full
sample consisting of the sub-sample. ‘Low-income women’ refers to females in the
sample who indicated an annual household income of $40,000 or less.

2.4.4 Reward amount

Since the most important attribute for most individuals is reward amount, we begin
our discussion of attribute level preference with the reward amount attribute. Table 2.4
presents a subset of the estimates from the primary conditional logit model, includ-
ing only the coefficients for terms involving reward amount. The first column contains
estimates for the main effect of the log-transformed reward amount, as well as the in-
teraction terms involving that variable. The sign of the estimate can be interpreted as
the direction of influence and the magnitude as the responsiveness to reward amount.
We observe that the overall grand mean effect is positive, but several of the interaction
terms are negative, thereby decreasing that effect. If an individual possesses enough
characteristics that are associated with negative interaction terms, then the overall effect
of increasing reward amount on participation will be negative.

Since a negative preference for increasing reward amount is concerning from a policy
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log(Mag+1) Mag.0

Main effect 0.209∗∗∗(0.057) 0.063 (0.158)

Race interaction
White 0.007 (0.057) 0.078 (0.159)
Black −0.091 (0.059) 0.137 (0.163)
Hispanic 0.088 (0.096) −0.094 (0.266)
Other −0.004 −0.121

Gender interaction
Female 0.003 (0.034) −0.091 (0.094)

Income interaction
Very low −0.082 (0.075) 0.278 (0.209)
Low 0.096∗ (0.053) −0.145 (0.149)
Medium 0.066 (0.054) −0.352∗∗ (0.148)
High −0.080 0.220

Employment status interaction
Employed −0.051 (0.034) −0.017 (0.094)

Education interaction
High school or less −0.139∗∗∗(0.048) 0.282∗∗ (0.133)
Some college or technical school −0.024 (0.043) 0.109 (0.121)
College graduate or beyond 0.163 −0.390

Weight status interaction
Normal −0.099 (0.079) 0.088 (0.219)
Overweight −0.032 (0.052) 0.085 (0.144)
Obese 0.131 −0.173
∗∗∗ Significant at 1% level, ∗∗ significant at 5% level, ∗ significant at 10% level.

Table 2.4: Coefficient estimates for main effect and interaction terms involving reward
amount selected from the primary conditional logit model. The first column collects
terms involving the log-transformed reward amount variable. The second column col-
lects terms involving the binary variable Mag.0 which is true when the design alternative
has $0 reward amount (differentiating it from when the $0 reward amount is associ-
ated with the opt-out alternative). Standard errors are in parentheses. All categorical
variables are effect-coded, hence the coefficient estimate for the baseline level of each
categorical variable can be recovered, but the standard error cannot. Binary variables are
also effect-coded, with −1 value when true and 1 value when false.
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perspective, we examine how pervasive this preference may be. Table 2.5 summarizes
sub-population shares which are predicted to have a negative response to increasing
reward amount. Except for the African-American sub-population, most of the shares are
small (about 10%), and in the case of the obese sub-population, particularly small (about
1%). These findings are consistent with the attribute importance results, in which reward
amount was relatively less important to African Americans than to other subgroups.

National Obese Black Low-income women Males Females

9.5% 0.9% 23.8% 9.8% 7.6% 11.3%

Table 2.5: Proportion of sub-population which is predicted to have a negative response
to increasing reward amount.

Although decreasing willingness to participate with increasing reward amount seems
counter-intuitive, the phenomenon matches focus group observations and previous lit-
erature. Some individuals in the focus groups reacted negatively to the presence of
a financial reward, expressing the sentiment that individuals should lose weight for
their health, not for financial gain. Financial incentives in behavioural health interven-
tions have already raised a degree of ethical controversy (Halpern et al., 2009; Pearson
and Lieber, 2009; Schmidt et al., 2010; Ashcroft, 2011; Madison et al., 2011; Reisinger
et al., 2011; Schmidt, 2011; Schmidt et al., 2012; Klein, 2013; Lunze and Paasche-Orlow,
2013), and the acceptability of health incentives to the general public is relatively low
(Promberger et al., 2011; Park et al., 2012). Health is not alone in this regard; the distaste
for monetized transactions extends to a wide range of economic transactions (e.g., organ
donation). Roth (2007) describes three main reasons for such distaste, including objec-
tification, coercion or exploitation, and a slippery slope. Investigating which reasons
apply in the particular case of financial incentives in weight loss programs is beyond
the scope of our study, but our finding of the negative impact of reward amount among
some individuals suggests further study of distastefulness would be valuable, particu-
larly among target populations and individuals who would actually be eligible for the
incentives (rather than the general public).

The second column of Table 2.4 contains estimates for the main and interaction effects
of Mag.0, which represents whether the design alternative has a $0 reward amount. A
positive coefficient can be interpreted as an increased willingness to participate when of-
fered a non-zero reward. Both positive and negative coefficients can be seen, indicating
that some characteristics (such high school or less education) are associated with prefer-
ring a non-zero reward, but others (such as a medium level of income) are associated
with preferring a zero reward. In some cases, the interaction effect of reward amount
is the opposite direction from that of Mag.0. For example, high school or less education
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is associated with preferring a non-zero reward and a decreasing willingness to partici-
pate with increasing reward. This type of interaction effect, along with the possibility of
overall negative effect of increasing reward amount, suggests that low reward amounts
will be more effective at encouraging participation than high reward amounts. Low re-
ward amounts will attract those who have a positive preference for increasing reward
amount or non-zero rewards, while being more attractive to those who have a negative
preference for increasing reward amount than a higher reward amount would be.

National (100%) Obese (32%) Blacks (11%)

Low−income women (17%) Males (49%) Females (51%)
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Figure 2.5: Response of participation probability to increasing reward amount for policy
relevant demographic variables. Shaded regions indicate the distribution of probabili-
ties, with darker colours indicating greater density. The dark line in the middle repre-
sents the weighted mean for that sub-population (using sample weights from nhanes).
Note that only reward magnitude and the demographic variables contribute to utility.
Percentages beside the sub-population names indicate the size of the sub-population
relative to the full national population.

In order to gain a sense of what the range in responsiveness to the reward magnitude
means in terms of participation probability, we predict participation probabilities at
increasing reward amounts for each policy relevant demographic group (Figure 2.5).
Participation probabilities are computed as the probability that an individual will not
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choose to opt out, and the predictions are weighted by nhanes sample weights in order
to generalize the predicted probabilities to different sub-populations. For every sub-
population, the mean response curve slopes upward, which is consistent with Table 2.5,
showing that only small proportions of each sub-population have negative preferences
for increasing reward amount. However, we can see those negative preferences in the
bottom edge of the shaded region, which decreases with increasing reward amount for
all sub-populations but the obese sub-population. This exception is consistent with Ta-
ble 2.5, which indicates only an extremely small proportion of the obese sub-population
is expected to have a negative preference for increasing reward amount.

The dispersion of the predicted probability distribution is greatest for the national pop-
ulation, which is no surprise, since it is the most heterogeneous. In contrast, the obese
sub-population seems to be the most homogeneous, with the least amount of dispersion
in the predicted probability distribution. The obese sub-population also displays the
most responsiveness to increasing reward amount, in contrast to the African-American
sub-population, which displays the least responsiveness. These observations are all con-
sistent with Table 2.4 and Table 2.5, in which the African-American sub-population was
predicted to have the highest proportion of individuals who have a negative preference
towards increasing reward amount.

Finally, we make the important observation that the predicted probability increases
fastest at the lowest reward amounts, a pattern that holds true across all sub-populations.
This observation suggests again that programs should be designed with relatively low
reward amounts, in order to attract the majority of individuals who would prefer an
increasing reward amount, while minimizing the alienation of the minority who do not
prefer an increasing reward amount.

2.4.5 Attribute level preferences

After reward amount, we consider the remaining attributes. In the series of figures be-
low, we summarize the rankings of attribute levels within each attribute. As a reminder,
the summaries are weighted by nhanes sample weights so that the results are represen-
tative of the sub-populations of interest, and the rankings are performed by predicted
participation probability.

Under program location (Figure 2.6), most subgroups prefer the clinic and community
centre (that is, those attribute levels have high rates of ranking first or second and low
rates of ranking last), and the obese sub-population, in particular, prefer the clinic. In
contrast, most subgroups do not prefer the church (that is, it has low rates of ranking
first and high rates of ranking last). Workplace is an interesting mix between the other
attribute levels, because it high rates of ranking first and last. This observation suggests
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National (100%) Obese (32%) Blacks (11%)

Low−income women (17%) Males (49%) Females (51%)
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Figure 2.6: Rankings by attribute level for program location.

substantial heterogeneity in the attitude towards locating the program in the workplace,
with some individuals greatly preferring it and others greatly preferring other locations.
This heterogeneity is perhaps due to differing employment status; among low-income
women, the unemployment rate is higher, and accordingly the rates of ranking work-
place lower are much higher. On the other hand, among women overall, the rates of
ranking workplace first are higher than among other sub-populations. The implication
is that women prefer the workplace location when they’re employed and but not when
unemployed.

Under payment form (Figure 2.7), all subgroups clearly prefer the debit card, with nearly
the entire male sub-population predicted to rank the debit card first. On the other hand,
the gym pass has a higher rate of ranking first than the debit card among the African-
American sub-population. This type of preference may be due to the same reasons we
speculate drive the African-American negative preference for increasing reward amount:
disapproval of using financial rewards for weight loss. Moreover, the gym pass most
directly supports weight loss compared to the other payment forms, thus providing a
possible explanation for why the gym pass is more preferred than the debit card for this
sub-population. Finally, the medical card is clearly the least preferred payment form
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National (100%) Obese (32%) Blacks (11%)
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Figure 2.7: Rankings by attribute level for payment form.

among all subgroups.

Under reward condition (Figure 2.8), most subgroups prefer attendance and weight loss.
These two attribute levels represent an interesting contrast, because they represent very
different levels of effort and risk. On the one hand, weigh-in attendance requires low
levels of effort and risk, whereas actual weight loss calls for high levels of effort and risk.
However, weight loss is the ultimate objective of the weight loss program, and so it makes
sense that many individuals would be attracted to this reward condition. Moreover,
the much higher African-American preference for weight loss over weigh-in attendance
is consistent with previous preferences emphasizing weight loss over financial reward.
Surprisingly, between the two less favoured attribute levels, attending weigh-ins and
keeping records is more favoured than solely keeping records. This result is surprising
because combining attendance and record-keeping can only be more burdensome and
risky than record-keeping alone.

Under payment frequency (Figure 2.9), most subgroups prefer weekly or quarterly pay-
ments. While quarterly payments had low rates of ranking last, weekly payments had
high rates of ranking first. Why quarterly payments are relatively preferred is difficult
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Figure 2.8: Rankings by attribute level for reward condition.

to say, especially since a one-time payment at the end of the program was clearly least
preferred by all subgroups (although, the reader may not be surprised to see that the
African-American sub-population had lower rates of ranking the one-time payment last
compared to the other sub-populations, which is consistent with an expectation that a
one-time payment may be more effective at incentivizing weight loss than more frequent
payments).

We summarize the preferred attribute levels from the above discussion in Table 2.6,
which displays the two most preferred attribute levels for each attribute.

2.4.6 Multiple incentive designs

The preference heterogeneity across individuals suggests that programs which offer
more than one incentive design may achieve greater participation and representative-
ness. Different incentive designs appeal to different individuals, and offering more than
one would allow interventions to appeal to more individuals. To investigate the return
on offering multiple designs, we predict the participation probabilities under choice sets
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Figure 2.9: Rankings by attribute level for payment frequency.

including more than one design alternative. The design alternatives we use for this anal-
ysis come from the recommended attribute levels (Table 2.6). We construct five choice
sets: 1) where only one design alternative is offered, corresponding to the first row of
Table 2.6, 2) where two design alternatives are offered, allowing program location to take
on the two values in the first column of Table 2.6, 3) where four design alternatives are
offered, allowing both program location and payment form to take on two levels each,
and so on until 5) where all discrete attributes are allowed to take on two levels each.

Program location Payment form Reward condition Payment frequency

Clinic Debit card Attendance Weekly
Community center Gym pass Weight loss Quarterly

Table 2.6: Summary of recommended attribute levels.

Figure 2.10 presents the participation probability distributions for the national popula-
tion in grey, and the weighted participation probability means by sub-population for
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each of the five choice sets. As more design alternatives are offered, the national partici-
pation probability distribution decreases in range, decreases in dispersion and increases
in mean. Thus, giving individuals more choice has two benefits, of increasing overall
participation probability and reducing heterogeneity in participation probability. At a
fixed reward magnitude of $100 in this illustration, the obese sub-population starts off
with the highest participation probability, whereas African Americans have the lowest
predicted participation probability. But as the number of incentive designs increases, the
African-American sub-population catch up, overtaking the male sub-population. How-
ever, by the maximum number of incentive designs in this illustration, the mean partici-
pation probability is nearly indistinguishable between sub-populations. Hence, increas-
ing the number of designs offered would seem to be an effective method for countering
preference heterogeneity.
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Figure 2.10: Participation probability distribution when multiple designs are presented.
Each value on the x-axis represents a different choice set; the choice sets are progressively
larger as more attributes are given two levels (see text for further detail). The grey
shaded regions are violin plots (a kernel density plot which is rotated and mirrored) for
the national population. The points and lines indicate sub-population-specific weighted
mean.
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2.5 Conclusion

Although financial incentives in weight loss programs have long been studied, their ef-
fect on participation and representativeness have rarely been examined. This study used
a discrete choice experiment to design financial incentives which would maximize par-
ticipation among target populations. We targeted populations vulnerable to obesity and
overweight and which have been understudied in past studies of weight loss: African
Americans, low-income women and males. The choice experiment presented financial
incentives in terms of five attributes: reward amount, program location, payment form,
reward condition and payment frequency.

We first established the presence of significant preference heterogeneity for each of the
attributes, leading us to explicitly model the observed portions of this heterogeneity by
including in the model specification interactions with policy relevant demographic vari-
ables: race, gender, income, employment status, education and weight status. A natural
consequence of this preference heterogeneity is that offering more than one design alter-
native increases the probability of participation. We show that offering multiple design
alternatives is an effective counter to preference heterogeneity, reducing the spread of
the distribution of participation probabilities, and collapsing the participation probabil-
ity means of the target groups until they are practically indistinguishable.

We found that reward amount and program location were the most important attributes
for all populations. Even so, we found that having a negative preference for increas-
ing reward amount was possible, and most probable in the African-American sub-
population. In fact, we found many consistent signs that a disproportionate num-
ber of individuals in the African-American sub-population prefer non- or minimally-
monetized incentives 4.

• Program location was a more important attribute than reward amount for the
African-American sub-sample.

• The predicted proportion of negative preferences for increasing reward amount
was highest, by far, for the African-American sub-population.

• African Americans were predicted to be the least responsive to increasing reward
amount.

• Within the African-American sub-population, the gym pass payment form was
more likely to be ranked ahead of the debit card payment form.

4Note that these observations and their implication do not arise from the race variable alone: since
any analysis at the level of predicted choice probabilities is weighted to be representative of the African-
American sub-population, these observations rely just as much on other demographic variables which
differentiate the African-American sub-population from other populations.
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• Within the African-American sub-population, the weight loss reward condition was
more likely to be ranked ahead of the attendance condition.

• Compared to other sub-populations, the African-American sub-population was
less likely to rank the one-time payment frequency last.

The obese subgroup, on the other hand, provides a stark contrast to the African-American
subgroup. The obese subgroup appears to prize the monetary aspect of the financial in-
centive.

• Program location and reward amount were far more important than the other in-
centive attributes.

• The obese subgroup was highly responsive to the reward amount, with an ex-
tremely low rate of negative preference for increasing reward amount.

• The obese subgroup preferred the low effort and high reward attribute levels –
weekly payments and the weigh-in attendance reward condition.

The relatively high rate of non-monetary motivation among the African-American sub-
group suggests that offering low reward amounts (which do not alienate those with
negative preferences towards increasing reward amounts) and multiple incentive designs
(which gives individuals greater freedom to choose the incentive design which they pre-
fer) are important strategies to maximize the participation among African Americans.

Maximizing participation among those who are already obese, on the other hand, is
simpler because this subgroup is primarily concerned with the monetary aspect of the
incentive. This subgroup is less responsive to the strategy of offering multiple designs
because they are mostly focused on the reward amount – the higher, the better. However,
offering multiple designs does no harm to the participation rates in this subgroup. The
non-negative effect of this strategy makes it superior to the strategy of offering higher
reward amounts, which would alienate those individuals who have a negative preference
towards increasing reward amount.

Thus, choosing the reward amount requires a careful balance between those who re-
spond positively and those who respond negatively. Ultimately, the specific reward
amount depends upon policy objectives dictating which individuals are the target of
the weight loss program. Choosing the levels of the other attributes is less fraught; al-
though some subgroups have strong tendencies towards some levels (e.g., clinic program
location for the obese subgroup, debit card payment form for the male subgroup), all
subgroups are fairly consistent in the top two levels for each discrete attribute (summa-
rized in Table 2.6).
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Future work could investigate the causes for the negative response to reward amount and
possible approaches to ameliorating the negative response. Previous cases of repugnance
have been successfully treated with in-kind rather than monetary transactions (Roth,
2007), and we already see evidence along this line in the African-American preference
for the gym pass over the debit card payment form. In addition, if the payment form
were not linked to a dollar amount, then framing effects could lead to different or more
insightful results.

Future work could also investigate program location more closely, since it is the second-
most important attribute and one which displays a great deal of heterogeneity. Program
location itself could be decomposed into constituent attributes, which may provide a
more coherent picture of location preferences. Understanding why some individuals
prefer some locations over others can suggest locations not previously studied, new
locations which could be built, or predict which existing location would be most suitable
given a target population and geographic area.

Despite considering more incentive components than previous studies, there are still
more ways in which financial incentives can vary. Evidence suggests that deposit con-
tracts lower participation rates (e.g., Jeffery et al., 1990), and future work could ascertain
this result as well as check for individual heterogeneity. Escalating payments, in which
later payments are larger than earlier payments, may increase effectiveness (e.g., Stitzer
and Petry, 2006), but their effect on participation is unknown. Adding uncertainty to
the incentive design may also increase effectiveness (e.g. Cawley and Price, 2011), but
again, the effect on participation is unknown. Previous studies suggest that group-based
incentives may be more powerful than individual incentives (e.g., Jeffery, 2012), but the
effect on participation and the role of individual heterogeneity is unknown. Exploiting
group dynamics may be an inexpensive way to increase reach and effectiveness.
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Chapter 3

Improving the reliability of self-reported
attribute non-attendance behaviour
through the use of polytomous
attendance scales

Abstract

The literature in discrete choice modelling is increasingly recognizing the exis-
tence of attribute non-attendance, in which respondents ignore some attributes when
answering an attribute-based question. This behaviour may present a serious prob-
lem for modelling and inference, because it violates fundamental assumptions of the
random utility model on which choice models are based. In this study, we elicit
attribute non-attendance using a six-point polytomous attendance scale, rather than
restricting them to a dichotomous ignored/considered response, as in previous stud-
ies. Stated non-attendance has been found to be unreliable in previous studies, but
polytomous attendance scales have the potential to address the sources of unrelia-
bility. Using data from a choice experiment in health economics, this study assesses
the performance and consistency between empirical observations and theoretical ex-
pectations of a polytomous attendance scale. We find that the lowest point on the
attendance scale is the part of the scale which corresponds best to attribute non-
attendance, and that attendance scales longer than two or three points do not provide
much additional information. Furthermore, the polytomous attendance scale had
limited success in producing theoretically consistent results, suggesting that poten-
tial for polytomous attendance scales to produce more reliable attendance statements
was not realized in this study.

48
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3.1 Introduction

For decades, stated preference methods have been used to value non-market goods and
services. Today, one of the most popular approaches to stated preference is attribute-
based methods, which conceptualize non-market goods or services as bundles of at-
tributes, and estimate the value of each attribute. Although the theoretical and econo-
metric foundations for attribute-based methods were developed decades ago, attribute-
based methods are still undergoing improvement. One such area of active investigation
is attribute non-attendance.

Attribute non-attendance refers to the phenomenon wherein respondents ignore some
attributes when responding to an attribute-based question. The phenomenon has been
empirically observed in self-reported attribute attendance (e.g. Hensher et al., 2005;
Alemu et al., 2013) across transportation economics (e.g. Hensher, 2008), environmental
economics (e.g. Campbell et al., 2008) and health economics (e.g. Hole, 2011). Attribute
non-attendance may occur for many reasons: it may be an attempt to lessen choice task
complexity, particularly by using heuristic rather than rational decision-making pro-
cesses (Hensher, 2009; Payne et al., 1988), or it may occur because of attribute unim-
portance, unrealistic attribute levels and protest against trading off one attribute against
others (Alemu et al., 2013; Carlsson et al., 2010).

Attribute non-attendance is a concern because it weakens the foundation on which
attribute-based methods stand. In economics, the theoretical foundation of attribute-
based methods is Lancaster’s theory of characteristics of goods (Lancaster, 1966), which
supposes that preference rankings are over the characteristics of the goods rather than
the goods themselves. Hence, utility is specified as a function of characteristics rather
than goods. McFadden (1974) developed the random utility model by uniting Lan-
caster’s theory with random utility maximization, specifying utility in two parts, 1)
systematic utility, which is deterministic and defined as a function of attributes, and 2)
an error component, which endows random utility with its stochastic structure. The
random utility model implies compensatory behaviour: increasing one attribute should
be able to compensate for a decrease in another attribute. If individuals ignore some
attributes, however, then they no longer display compensatory behaviour. Returning
to basic consumer theory, such individuals have neither complete nor continuous pref-
erences, and hence their preferences cannot be represented by a utility function. Con-
sequently, maintaining theoretical consistency implies removing these individuals from
the analysis.

However, a reliable method for identifying individuals with attribute non-attendance
behaviour is still elusive. Early studies used self-reports of attendance behaviour, but
later studies found that inconsistencies between self-reported attendance behaviour and
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estimated preferences. In theory, attribute non-attendance should correspond to zero
marginal utility, but in many cases, non-zero marginal utility was estimated for at-
tributes reportedly ignored. Furthermore, when studies attempted to infer attendance
behaviour from responses to attribute-based questions, they found that inferred atten-
dance frequently differed from stated attendance. As a result, self-reports of attendance
behaviour are viewed as unreliable.

Polytomous attendance scales may be one way of eliciting more reliable self-reports
of attendance behaviour. Nearly all previous stated attendance studies have utilized
dichotomous attendance scales, where respondents are forced to choose between having
‘attended’ or ‘ignored’ an attribute. However, the dichotomous scale may be subject
to unreliability due to misreporting, conflation between low and zero preferences, and
choice task specifice attendance. Polytomous attendance scales have the potential to
address these sources of unreliability by lessening social desirability bias which leads
to misreporting, distinguishing between low and zero preferences at finer scales, and
specifying frequency of non-attendance across attribute-based questions.

In this study, we assess whether a six-point polytomous attendance scale fulfills the
promise of improving reliability of self-reported attendance behaviour. We identify por-
tions of the attendance scale which may correspond to zero marginal utility, investigate
whether the original attendance scale is more informative than artificially shortened
scales, and assess consistency between stated attendance levels and theoretical expecta-
tions and inferred attendance behaviour. The novel elicitation format is implemented in
a choice experiment of financial incentive designs in the context of a behavioural weight
loss program.

3.2 Literature review

Although attribute non-attendance and other types of non-compensatory decision-making
has long been recognized in fields outside of economics (e.g. Payne et al., 1988), acknowl-
edgement of this issue has come late to the choice modelling literature. Among the
first to identify and address attribute non-attendance in choice modelling was Hensher
et al. (2005), which directly elicited self reports of attribute attendance behaviour. Self-
reported attribute non-attendance was assumed to correspond to zero marginal utility,
and therefore coefficients on reportedly ignored attributes were constrained to zero in
the model specification.

Early studies followed Hensher et al. (2005) in taking attribute attendance statements
at face value, and assuming that stated non-attendance corresponded to zero marginal
utility (Hensher, 2006; Hensher et al., 2007; Campbell et al., 2008; Puckett and Hen-
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sher, 2008). Most studies taking this approach found that imposing the assumption of
zero marginal utility on ignored attributes resulted in better model fit than the conven-
tional assumption of full attendance (Campbell et al., 2008; Campbell and Lorimer, 2009;
Kaye-Blake et al., 2009; Meyerhoff and Liebe, 2009; Balcombe et al., 2011; Hess, 2012;
Kehlbacher et al., 2013; Kosenius, 2013; Kragt, 2013), although not all studies found this
improvement (Hensher et al., 2007; Carlsson et al., 2010; Rose et al., 2012; Alemu et al.,
2013). These results, while not unequivocal, demonstrated the presence of attribute non-
attendance and the importance of taking it into account.

Campbell and Lorimer (2009) was perhaps the first study to question this blind reliance
on attribute non-attendance statements. This study checked for, rather than imposing,
consistency between stated attendance behaviour and stated preference behaviour by
allowing separate coefficients to be estimated for ignored and attended attributes. They
found that, contrary to theory, some coefficients on ignored attributes were significantly
different from zero. Following the same approach of separate coefficients, several ad-
ditional studies also found that coefficient estimates on reportedly ignored attributes
were significant (Campbell and Lorimer, 2009; Hess, 2012; Alemu et al., 2013; Hess and
Hensher, 2013; Scarpa et al., 2013). Still, even when significant, coefficients on ignored
attributes were sometimes found to be lower than attended attributes (Hess, 2012; Hess
and Hensher, 2013), which led the authors to suggest that perhaps non-attendance is
being conflated with low attendance. On the other hand, Carlsson et al. (2010) found
no significant differences between coefficients on ignored and attended attributes. These
studies suggest that attendance statements may not be reliable, because respondents
who report attribute non-attendance may not have actually ignored those attributes.

Consequently, much of the literature is devoted to inferring attendance from choice be-
haviour alone, without the use of attendance statements. Various methods have been
proposed to infer attendance, but review of those methods is beyond the scope of this
study. To give the reader a flavour of the techniques employed to infer attendance,
however, we briefly describe an approach proposed by Hess and Hensher (2010), and
subsequently used by Mariel et al. (2012), Mariel et al. (2013) and Scarpa et al. (2013).
In this approach, once a random parameters logit model has been estimated, attendance
is inferred based on the respondent-specific coefficient distribution conditional on the
respondent’s observed choices. The idea is that attender and non-attenders will differ in
the properties of their conditional distributions. In their empirical application, Hess and
Hensher (2010) employed the following rule: if a conditional distribution has a coefficient
of variation of 2 or greater, then the attribute is considered non-attended. The authors
admit that this threshold is somewhat arbitrary, and in their simulation study, Mariel
et al. (2013) found that the optimal threshold depends on the extent of non-attendance
in the population.

Although model fit normally improves when accounting for attribute non-attendance,
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whether stated or inferred, there is very little agreement between stated and inferred at-
tendance otherwise. Some studies have compared stated and inferred attendance at the
respondent level: Hess and Hensher (2010) found that 10% to 50% of the respondents
display a discrepancy between their stated attendance state and their inferred atten-
dance, and Collins et al. (2013) found that 75% to 90% of their sample was ‘aligned’,
although agreement between inferred non-attendance and stated non-attendance in par-
ticular ranged from 2% to 75% depending on the attribute and model. Other studies have
compared inferred and stated attendance at the attendance profile level: Campbell et al.
(2011) found the difference between rates of stated and inferred non-attendance range
from 10 to over 50 percentage points. Overall, stated non-attendance rates tended to be
higher than inferred non-attendance rates. Depending on the model and the attribute,
Hole et al. (2013) found that differences ranged from less than 1 to more than 60 per-
centage points. For most models, inferred non-attendance rates were higher than stated
non-attendance rates. Scarpa et al. (2013) found that most differences were less than 15

percentage points, but the differences were much larger for the full attendance profile.
Inferred full attendance was much lower than stated full attendance, and consequently
inferred non-attendance tended to be higher than stated non-attendance. Starting with
all possible classes in an equality constrained latent class model, Kragt (2013) performed
a specification search which only retained some of those classes. Of the retained classes,
only about half corresponded to stated attendance profiles. Of those inferred classes
which aligned with stated attendance profiles, there was a large difference in profile fre-
quencies, from less than 5 percentage points to almost 40. Similar to Scarpa et al. (2013),
Kragt (2013) found that inferred rates of full attendance was much lower than stated
rates of full attendance. In addition to comparing attendance rates, Hess and Hensher
(2010) also estimated models with separate coefficients for each attendance state, and
found that the models using inferred attendance outperformed those using stated atten-
dance. Mariel et al. (2012) performed the same type of analysis (although they estimated
models with ignored coefficients constrained to zero rather than separate coefficients)
and found the same result. Scarpa et al. (2011) used a multivariate probit model to ex-
plain the posterior probability of attendance for each attribute while including stated
attendance as a covariate. They found that stated attendance was never significant when
the statements came from a question asking which attributes respondents ‘ignored’, but
were sometimes significant when the statements instead came from a question asking
which attributes ‘guided’ the respondents’ choices. Although there are large variations
within studies, substantial differences between inferred attendance stated attendance
appear to be common in most studies which compare them.

The discrepancies between stated attendance behaviour, stated preference behaviour and
inferred attendance behaviour have cast doubt on the reliability of attendance state-
ments. There are several possible reasons for this unreliability, including 1) misreporting,
2) conflation between low and zero preferences, and 3) choice task attendance.
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In the conclusion to their seminal paper, Hensher et al. (2005) argue that the fun-
damental weakness of self-reports is that people do not always say what they think
(i.e.misreport), either because they don’t want to reveal it or because they don’t actu-
ally know it (i.e., the ‘conscious-unconscious divergence’). Consequently, measuring the
processes of decision-making successfully necessitates measuring unconscious attitudes
and preferences. In other words, rather than relying on stated or inferred attendance,
a third source of information could be implied attendance. In the decade since Hen-
sher et al. (2005), only two studies have attempted to bridge the gap between conscious
and unconscious behaviour. Kaye-Blake et al. (2009) conducted a choice experiment via
computer-aided survey, in which respondents had to actively choose to reveal attribute
level information by clicking on blank boxes. This design obviated the need to ask for
attendance statements or to infer attendance – instead, attribute attendance was implied
by which attributes respondents chose to reveal. The study found that the best per-
forming model was not the ‘accessed information model’, which constrained to zero
coefficients on attributes which respondents did not reveal, but rather the ‘average in-
formation model’, which set unrevealed attributes to their ‘average’ levels. This finding
could have different interpretations, but one is that respondents may assume a baseline
level when they ‘ignore’ attributes. The level range compared to this baseline may be
small enough that their cognitive effort is best optimized by ignoring that attribute, even
though they still have some non-zero marginal utility for the attribute and its baseline
level. Balcombe et al. (2014b) used visual attention, as measured by eye-tracking, to
imply attribute attendance. They found little correlation between visual attendance and
stated attendance, but both were informative in model specifications, indicating a com-
plementary nature between them. In short, studies which use attendance information
implied by unstated behaviours reveal that misreporting may be common.

A special case of misreporting is conflation between low and zero preferences or be-
tween low and no attendance. If an individual has a low, yet non-zero preference for an
attribute, then he may pay little attention to it and report non-attendance to it. Futher-
more, inferred attendance methods cannot distinguish between low and zero preferences
and this conflation may be responsible for some of the discrepancy between stated and
inferred attendance. Attribute non-attendance is a special case of preference heterogene-
ity, and therefore the two are confounded. Among others, Hensher et al. (2013) has
pointed out that inferred attendance models may include low preferences among zero
preferences. Thus, conflation between low and zero preferences may affect stated at-
tendance directly, or indirectly by reducing the consistency between inferred attendance
and stated attendance.

Attribute attendance may vary across choice tasks (called choice task attendance in the
literature), but most stated attendance studies implicitly assume constant attendance or
non-attendance (called serial attendance in the literature) by virtue of eliciting attendance
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only once. A few studies have elicited attendance after every choice task, allowing
respondents to indicate that they attended to some attributes in some choice tasks but
not others. Meyerhoff and Liebe (2009) and Scarpa et al. (2010) found that choice task
attendance was more common than serial attendance, and that accounting for choice
task attendance resulted in better model fit than accounting for serial attendance. In
fact, Scarpa et al. (2010) found that accounting for serial attendance actually worsened
model fit compared to not accounting for attendance at all. Colombo and Glenk (2014)
found that not only did models using choice task attendance have better fit than those
using serial attendance, serial attendance was best reconstructed by assuming a 75%
threshold for choice task attendance. That is, serial non-attendance was assigned when
choice task non-attendance was reported for 75% or more of the choice tasks, rather than
100% as would be expected. These studies give the impression that serial attendance is
the exception rather than the rule, thus opening up the vast majority of stated attendance
studies to question.

Polytomous attendance scales, in contrast to the dichotomous attendance scales used in
almost all stated attendance studies, have the potential to address all three sources of
unreliability. Polytomous attendance scales, which allow respondents to mark different
degrees of attendance, may ameliorate the effect of social desirability bias in misreport-
ing, by allowing respondents to express some degree of non-attendance without actually
having to indicate that they totally ignored an attribute. Polytomous attendance scales
may also help to separate low and zero preferences, by providing attendance informa-
tion at finer scales. Finally, polytomous attendance scales may capture some level of
choice task attendance, since attendance can be expressed in terms of frequency (e.g.,
none of the time, some of the time, all of the time). Eliciting attendance after each choice
task would provide more information, in particular allowing attendance state to be com-
pared with attribute levels, but multiple attendance questions is more burdensome for
the respondent than a single debriefing question. In summary, polytomous attendance
scales have the potential to provide more reliable attendance statements at relatively low
implementation costs and low levels of respondent burden.

Polytomous attendance scales are a relatively understudied topic in the attribute non-
attendance literature. Scarpa et al. (2013) and Weller et al. (2014) collected attendance
based on a five-point scale, but recoded attendance responses to a binary scale for use in
estimations. Neither study provided detailed justification for using the latter or a formal
comparison between the two types of coding. Scarpa et al. (2010) briefly employed a
polytomous scale during their pilot, but in their final study chose to use a dichotomous
scale instead, and, similarly, detailed justification for the decision was not provided. Bal-
combe et al. (2014a) used attribute importance ranking data as coefficient mean shifters
and scalers. Although ranking data is not dichotomous, it does not quite provide the
same type of information as a polytomous attendance scale (since whether the least
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important attributes were ignored is not clear); furthermore, the usefulness of ranking
data was not compared with dichotomous data. The only study to date which has used
a polytomous attendance scale and compared its results with a dichotomous scale is
Colombo et al. (2013). In their study, the authors used a trichotomous scale (e.g., ’always
considered’, ’sometimes considered’ and ’never considered’), which they collapsed to a
dichotomous scale for some models but not for others. They found that models in which
partial attendance was grouped with full attendance outperformed those where partial
attendance was grouped with non-attendance, and coefficients separately estimated for
ignored attributes were all insignificant when non-attendance was not collapsed into
other groups. Furthermore, when separate coefficients were estimated for partial atten-
dance and full attendance, both had the same pattern of significant coefficients, but the
partial attendance coefficients were smaller (in absolute terms) than the full attendance
coefficients. In short, every result regarding non-attendance and partial attendance was
consistent with theoretical expectations, providing evidence that polytomous attendance
scales can indeed produce more reliable attendance statements.

In this study, we contribute to the attribute non-attendance literature by providing a
detailed comparison of polytomous attendance scale and a dichotomous scale recoded
from it, and by using a longer, six-point polytomous attendance scale. We investigate
which points on the polytomous attendance scale correspond to zero marginal utility,
whether the original six-point scale can be recoded to shorter scales without losing sig-
nificant information, and whether the original six-point scale and the recoded shorter
scales result in coefficient estimates consistent with theoretical expectations.

3.3 Methods

In this section we describe the three categories of choice models we use to assess the
polytomous attendance scale. The first category is the baseline, in which full attendance
is assumed as in most conventional choice experiments. The second category constrains
ignored attributes to zero marginal utility, thereby helping to determine which points
on the polytomous attendance scale correspond to attribute non-attendance. The third
category permits separate coefficients for attendance levels defined by shortened scales,
allowing us to compare the information content and reliability of polytomous attendance
scale with shorter scales. Using this third category model with separate coefficients for
each attendance level, we assess the consistency of stated attendance with theoretical
expectations. We also assess the consistency between stated and inferred attendance.

Choice experiment data are typically analyzed with choice models, which can be derived
from the random utility model (Holmes and Adamowicz, 2003). The random utility
model is based on the theory of characteristics of goods (Lancaster, 1966), in which
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preferences are defined over the attributes of the goods rather than the goods themselves.
Specifically, the random utility an individual i receives from choosing an alternative j is
defined as

Uij = Vij + εij (3.1)

that is, the sum of a deterministic component, the systematic utility Vij, and a stochastic
component, the error term εij.

Choice is modelled by comparing the random utility of different alternatives for the same
individual. That is, an individual i is assumed to choose alternative j if the random utility
of that alternative, Uij, exceeds the random utility of all other alternatives in the choice
set, Uim, m 6= j. Since utility is random rather than deterministic, choice is stochastic
and discussed in terms of probabilities. The probability that an individual i chooses
alternative j from a choice set is pij = Pr(Uij > Uim)∀m 6= j. The distribution of the error
term determines the type of choice model. In this work, we specify the error term to be
iid Gumbel, resulting in the multinomial logit (MNL) model, which has the following
choice probability expression

pij =
exp(Vij)

∑m exp(Vim)
. (3.2)

In order to avoid confounding the baseline attribute levels with the status quo levels,
we employ effect coding (Holmes and Adamowicz, 2003; Hoyos, 2010; Bech and Gyrd-
Hansen, 2005). Using effect coding, we can recover the effects on the baseline levels by
taking the negative sum of the coefficients on the non-baseline levels. Recovering effects
when considering interacted effect-coded variables is not quite as straightforward, but
is still a matter of taking sums of coefficients (for more detail, see section 6.C). Thus,
we can approximate standard errors for the recovered effects by using the delta method.
In all presentations of MNL model coefficient estimates, we present recovered effects
and approximated standard errors along with directly estimated coefficients and their
standard errors.

We utilize a linear specification for the systematic utility,

Vij = Xijβ (3.3)

where X represents the attributes and their levels. We work with different specifica-
tions of β and Xij to investigate different interpretations of the polytomous attendance
scale. These specifications fall into three broad categories, 1) a baseline model, 2) non-
attendance as zero marginal utility and 3) separate coefficients for each attendance level.
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3.3.1 Baseline model

First, we will estimate a baseline model to which other model specifications can be
compared. The natural baseline model is the full attendance model, which does not use
any attribute non-attendance information. Hence, it makes the conventional assumption
of full attendance to all attributes. In this model, each attribute is entered linearly into
the systematic utility.

3.3.2 Non-attendance as zero marginal utility

We assess which points on the attendance scale are most consistent with the theoretical
expectation of zero marginal utility for ignored attributes by estimating a set of models
with coefficients on ‘ignored’ attributes constrained to zero. The models in the set will
differ by which parts of the six-point polytomous attendance scale are considered to
indicate that an attribute has been ’ignored’. For example, does the lowest point on the
attendance scale correspond to ‘ignore’, as suggested in Colombo et al. (2013), or is it
the lowest two points which correspond to ‘ignore’ as suggested in Scarpa et al. (2013)?
Based on the wording of the elicitation, we expect only the lowest point to correspond
to ‘ignore’, but we can empirically assess this expectation by estimating models under
different specifications.

To make up this set of model specifications, we group adjacent points on the full atten-
dance scale into the ‘ignored’ level in every possible way. For example, we could set 1)
attendance level 1 to ’ignored’, 2) attendance level 2 to ’ignored’, 3) attendance levels 1

and 2 to ’ignored’, 4) attendance levels 2 and 3 to ’ignored’, and so on until every possi-
bility is covered. Note that for this set of models, the vector of specified coefficients are
not changing from model to model. Rather what is changing is the logic driving which
attributes at the individual level are constrained to zero marginal utility.

The best-fitting model in this set will suggest to us the point(s) on the attendance scale
with the most face validity as corresponding to ‘ignoring’ attributes. To select the best-
fitting models, we will employ log-likelihood values and non-nested testing. We use log-
likelihood values because each model has the same number of estimated parameters and
the same null likelihood. Consequently, comparing information criteria (e.g., AIC, BIC)
and goodness-of-fit measures (e.g., McFadden’s pseudo R2) is tantamount to comparing
vanilla log-likelihood values. However, relying on log-likelihood values alone only tells
us which models are best, but does not tell us if they are significantly better than the
other models. In order to make probabilistic statements about which models are better
than others, we will employ the Vuong test for non-nested hypotheses (Vuong, 1989),
described in greater detail in section 6.D. In order to minimize the problems inherent in
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multiple comparisons, we will limit our tests only to a few of the top-ranked models, as
ordered by log-likelihood value.

3.3.3 Attendance scale length

As mentioned previously, most attribute non-attendance studies use dichotomous, or,
in a rare exception, trichotomous attendance scales. However, there may be benefits to
using a longer scale, such as the six-point polytomous scale used in this study. To assess
whether a longer scale is beneficial, we recode scales so that they are shorter than six
points and compare them to the full six-point scale. These comparisons will help us
determine how many points are necessary in an attendance scale.

The scales are recoded by assigning adjacent points to the same attendance level. For
example, we can construct a recoded dichotomous scale by assigning points 1–3 to one
attendance level and points 4–6 to another attendance level. In fact, there are (5

1) ways of
recoding to a dichotomous scale from the original six-point scale, allowing only adjacent
points to be assigned to the same attendance level. Further, we can recode longer scales,
from two levels up to five levels, in the same manner. In total there are ∑5

l=2 (
5

l−1) = 30
configurations.

For each of the thirty recoded scales, we estimate a model with separate coefficients for
each attendance level. Note that for this set of models, the specified vector of coefficients
changes with the number of attendance levels, since a separate coefficient is estimated
for each attendance level. However, for models with the same number of attendance
levels, the specified vector of coefficients remains the same between models; what is
different is the logic driving the construction of attendance levels, i.e., which points on
the six-point attendance scale correspond to a given attendance level.

This specification attempts to take into account attribute attendance information without
imposing theoretical expectations on the data. The goal is to assess the relative amount
of information available from each scale and, in particular, to determine whether longer
scales are more informative than shorter scales. If longer scales are more informative,
then there is justification for using them rather than the more common dichotomous
scale. A significant difference between a model estimated under a shorter scale and the
original six-point scale would suggest that the six-point scale has additional information
not captured by the shorter scale, and so the longer scale may be more desirable. On the
other hand, the lack of a significant difference implies that a shorter scale would suffice,
and that burdening respondents with a longer scale may be unnecessary.

Because every configuration of a shorter scale is nested within the original six-point
scale, we can use the likelihood ratio test for nested hypotheses. As in the previous sec-
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tion, we minimize multiple comparisons by considering top-ranked models according
to model selection criteria. Unlike the previous section, the models may differ in the
number of estimated parameters, and so we use measures which adjust for the degrees
of freedom (e.g., AIC, BIC and ρ̄2), rather than vanilla log-likelihood values. Due to the
policy relevance of the predicted choice probabilities themselves (as representations of
potential market uptake), we also use prediction accuracy as a model selection crite-
rion. In this study, prediction accuracy is measured using K-fold cross validation with a
multinomial deviance loss function, a procedure described in section 6.E.

3.3.4 Consistency with theoretical expectations

We assess the consistency of stated attendance with theoretical expectations by exam-
ining the coefficients estimated under models allowing separate coefficients for each
attribute level, as well as comparing stated attendance and inferred attendance.

Recall that we expect that non-attendance to correspond to zero marginal utility. Thus,
under the separate coefficients model, for positively preferred attributes, the coeffi-
cient on non-attended attributes should be lower than attended attributes. Conversely,
for negatively preferred attributes, the coefficient on non-attended attributes should be
higher. We may also expect to see coefficients of non-attended attributes to have higher
variance, as in Campbell et al. (2008).

3.3.5 Consistency with inferred attendance

Stated attendance would also have greater face validity if it were consistent with in-
ferred attendance, so we compared stated attendance using a polytomous attendance
scale with inferred attendance. In this study we infer attendance in the manner of Hess
and Hensher (2010), who used the respondent-specific conditional distribution of ran-
dom coefficients to indicate attendance behaviour. The first step of this approach is to
estimate a random parameters logit model (without any stated attendance data). The
random parameters logit model is named because it is a generalization of the MNL
model described above, in which the coefficients are drawn from a density for each in-
dividual, thus rendering them individual specific. Thus, the random utility is defined
as

Uij = Xijβi + εij (3.4)
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where βi is the individual-specific draw of β from its distribution. Consequently, the
choice probability expression for a random parameters logit model is

pij =
∫ exp(V(Xij; β))

∑m exp(V(Xim; β))
f (β)dβ (3.5)

where f (β) is the pdf of β, an analyst-specified distribution. This generic distribu-
tion can be further refined by conditioning on observed choices because the observed
choices reveal something about the individual’s preferences; that is, the distribution of β

describes the population of individuals, but once an individual’s choices have been ob-
served, we have some knowledge of where on the distribution they are located. We can
thus compute a coefficient distribution conditional on an individual’s responses. Train
(2009) and Hess (2010) describe how to compute the mean and standard deviation of the
respondent-specific conditional distribution.

β̂i =
∑R

r=1 pi(yi|βr)βr

∑R
r=1 pi(yi|βr)

(mean)

β̃i =

√
∑R

r=1
(

pi(yi|βr)(βr − β̂i)2
)

∑R
r=1 pi(yi|βr)

(standard deviation)

where β̂i is the estimated mean and β̃i the estimated standard deviation of the respondent-
specific conditionl distribution, βr is the rth draw from the estimated unconditional co-
efficient distribution, yi is the observed choice sequence, and pi is the probability of
the observed choice sequence, given a specific value for β. Given a specific value of β,
the choice probability of each choice occasion is independent from each other, and so
the probability of observing a specific choice sequence, pi, can can be computed as the
product of the choice probability of the chosen alternative in each choice occasion.

pi(yi|β) =
K

∏
k=1

J

∑
j=1

pij(β)ykj (3.6)

where k indexes the choice occasion, j indexes the alternatives, pij(β) is the choice proba-
bility in Equation 3.5 given a specific value for β, and ykj is a dummy variable indicating
whether the respondent chose alternative j on choice occasion k.

Once the respondent-specific conditional distributions have been derived, they can be
used to infer attendance behaviour. Hess and Hensher (2010) argue for using a large
coefficient of variation as an indicator of non-attendance, because this measure incor-
porates both the location and the uncertainty of the distributions. If we relied on the
mean estimate alone, then near-zero estimates which indicate low, but non-zero pref-
erences, may be incorrectly allocated to non-attendance. Hess and Hensher (2010) use
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a threshold of two for the coefficient of variation; cov values larger than two are as-
signed to attribute non-attendance. In this study, we follow Hess and Hensher (2010)
and also use a threshold of two for the coefficient of variation when assigning dichoto-
mous attendance/non-attendance states. We further extend the use of the coefficient of
variation as an indicator for attendance state by treating it as an indicator for attendance
level, analogous to the polytomous attendance scale used in the stated attendance part of
the study. We compare the inferred attendance level to the stated attendance level (poly-
tomous comparison) as well as the inferred attendance state to the stated attendance
state (dichotomous comparison).

3.4 Data

The data for this study come from a choice experiment on preferences for designs of
financial incentives in a minimal weight loss program performed via mail survey in late
2011 and early 2012. The study participants were recruited using the electronic patient
database of Carilion Clinic, a healthcare organization in southwest Virginia. Obese and
overweight patients were sought, and oversampling of males, minorities and low socioe-
conomic populations ensured a diverse sample.

The minimal weight loss program was described as being six months long, with the
potential to lose one to two pounds per week. It included a number of behavioural
components including a one-time dietitian meeting, weekly coaching calls, diet plan
and tracking, exercise plan and tracking, and weekly weigh-ins at the program location.
Figure 3.1 displays the components and their descriptions as presented on the survey
instrument.

A literature review was conducted to form the initial set of attributes and attribute lev-
els for the financial incentive designs. Payment frequency, reward magnitude, payment
form and reward contingency were all attributes found to be varied in previous stud-
ies. From conducting focus groups on the survey instrument design, we also learned
that program location had the potential to be an important attribute. Table 3.1 describes
the final list of attributes and attribute levels used in our choice experiment, and Fig-
ure 3.2 displays the attributes and attribute levels as they were described in the survey
instrument.

Choice tasks involved a choice set of two incentive designs and an opt-out alternative (see
Figure 3.3 for an example). Choice sets were constructed using a D-efficiency design, in
which a large number of possible designs were drawn from the full factorial design and
sequentially compared with respect to the D-efficiency criterion1. A total of 96 choice

1The D-efficiency criterion refers to the goal of maximizing the determinant of the Fisher information
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4

Exercise plan
Use a personal workbook to
plan exercise that's just
right for you.

Exercise tracking
Record physical activity
online or on paper. Find out
how many calories you used.

Program weigh-ins
Weekly weight checks at
program location. Only
program staff will see your
weight.

Diet plan
Use a personal workbook
with recipes and more to
plan healthy meals.

Diet tracking
Record meals and snacks
online or on paper. Find out
how many calories you ate.

Dietitian meeting
Have a one-time meeting
with a dietitian to develop
personal diet and exercise
plans.

Coaching calls
Receive weekly calls to help
you follow your diet and
exercise plans.

Weight control program

This section is about a weight control program to start people on the path to
losing weight. It is 6 months long, which is 24 weeks. People who followed this
program closely lost about

1-2 lbs 24-48 lbs
per week results in over 24 weeks

Each picture below represents one part of the program.

B

Figure 3.1: Description of behavioural weight loss intervention associated with financial
incentive design, as presented to respondents.
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Attribute Attribute levels

Reward amount (reward) $0, $48, $96, $216, $384, $576

Payment form
(form)

Cash
Pre-paid gym pass (gym)
Health debit card for doctor’s visits, prescriptions, and
other medical expenses (medical)
Debit card (debit)

Payment frequency
(frequency)

Once at end of program (once)
Quarterly
Monthly
Weekly

Program location
(location)

Clinic
Workplace
Community center
Church

Reward condition
(condition)

Losing 2 lbs (weight)
Attending weekly weight checks (attendance)
Turning in records of diet and exercise (compliance)
Attending weekly weight checks and turning in
records of diet and exercise (att.comp)

Table 3.1: Attributes and attribute levels used in constructing the financial incentive.
Abbreviated terms used in the text are in parentheses. Reward amount is defined as the
total possible payment over the duration of the six-month intervention. Choice sets as
presented to respondents included both the weekly reward amount and the total reward
amount.
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6

Program Incentives

The weight control program described in Section B can include incentives for
participation. The information on this page is about different incentives that can
be added to the program.

Program location
This is where you go for the weekly
weight checks and meet with the
dietitian. It is not where you have to
exercise.

Examples
• Clinic
• Workplace
• Community center
• Church

Weekly weight control goal
You must achieve this goal to earn the
reward each week. Some weeks you
may not meet the goal. In those weeks
you will not earn the reward.

Examples
• Losing 2 lbs
• Turning in complete

records of diet and exercise
• Attending weekly weigh-ins

Weekly reward available
This is the dollar value of the weekly
reward. You have an opportunity each
week to earn this reward by achieving
your weekly weight control goal.

Examples
• $5 per week
• $24 per week
• $36 per week

Payment frequency
This is how often you get paid the
rewards you have earned. Remember
that you earn rewards by achieving the
weekly weight control goal.

Examples
• Weekly
• Monthly
• Quarterly
• Once at program end

Weigh in weekly

Achieve weight
control goal

Earn weekly
reward

Get paid
periodically

Payment form
This is how you are paid. Each type will
have the same dollar value as if you
were paid in cash.

Examples
• Cash or debit card
• Pre-paid gym pass
• Health debit card for doctor's

vists, prescriptions, and other
medical expenses

Receive payment

C

Figure 3.2: Description of financial incentive attributes and attribute levels as presented
in the survey instrument.
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sets were constructed, and each survey instrument contained four choice sets, resulting
in 24 instrument versions. These were assigned randomly and distributed as evenly as
possible to the survey sample.

After the choice tasks, attribute attendance was elicited using a 6-point Likert scale,
from 1 for ‘Never’ to 6 for ‘Always’ (Figure 3.4). Note that attribute attendance was
sought for ‘weekly reward’ and ‘total reward’ separately, even though the total reward
was computed from the weekly reward. We chose this format to be consistent with the
choice tasks, in which both the ‘weekly reward’ and ‘total reward’ were presented for
the convenience of the respondent. Half of the survey sample was randomly assigned
to receive the attribute attendance question; the other half received a different question
which is not the subject of this study.

3.5 Results

A total of 7,554 individuals were selected for recruitment using the Carilion Clinic elec-
tronic patient database. Of those recruited, 2,737 individuals consented to the survey
during phone recruitment. Failure to recruit at this stage was primarily due to the high
rate (59%) of invalid phone numbers in the electronic patient database. Of those individ-
uals who were reachable by phone, 88% consented to the survey. One all follow-ups were
completed, 1,297 completed surveys were received (47% survey completion rate). Of the
completed surveys, one survey was excluded because the respondent was younger than
18 years old. Hence, the final number of surveys analyzed was 1,296. Of those 1,296

completed surveys, 671 (52%) included the post-choice task attribute attendance ques-
tion.

Figure 3.5 displays the distribution of attendance levels by individual attribute, sorted
by the proportion of high responses (4, 5 or 6). The proportion of low responses (1, 2

or 3) is substantial, ranging from 20% to 50% depending on the attribute. The number
of 1s (labelled ‘never’ considered) often outnumbers either of the other low responses.
These rates of stated non-attendance are not unusual and well within the broad range of
non-attendance rates found in previous studies (Alemu et al., 2013).

3.5.1 Baseline

We first present the baseline model, which is a multinomial logit model assuming full at-
tendance to all attributes; that is, no attendance information is used (Table 3.3). For each

matrix of the parameter estimates
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10

1 Please consider the following two weight control programs.

Which weight control program would you choose?
Please check one box.

1 Program A

2 Program B

3 I would not choose either program.

114

Figure 3.3: Example of choice question
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14

5 How frequently did you consider each of the following program characteristics when
choosing weight control programs in the previous four questions?
Please rate how frequently you considered each aspect of the incentive by checking one box for
each aspect on the following 7-point scale.

Never Always

a) Program location

b) Weekly weight control goal

c) Weekly reward available

d) Payment frequency

e) Payment form

f) Total reward available

6 In the previous questions, you made choices considering only your participation. Now
assume the people below are willing to participate with you in the weight control
program. Would you be more or less likely to participate?
Please check one box for each person.

More likely Same Less likely N/A

a) Your spouse/significant other 1 2 3 4

b) One of your children 1 2 3 4

c) A close friend 1 2 3 4

d) One of your parents 1 2 3 4

e) One of your siblings 1 2 3 4

f) A co-worker 1 2 3 4

100

Figure 3.4: Attribute attendance question, presented after choice tasks.

22%

23%

40%

40%

44%

51%

78%

77%

60%

60%

56%

49%

location

condition

weekly reward

frequency

form

total reward

100 50 0 50 100
Percentage

Response

1

2

3

4

5

6

Attribute non−attendance: response frequency summary

Figure 3.5: Distribution of responses to pre-choice task attribute importance question.
The percentages on the right indicate the proportion of responses which are high (4, 5

or 6, where 6 indicates ‘always’ attended), while the percentages on the left indicate the
proportion of low responses (1, 2 or 3, where 1 indicates ‘never’ attended).
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attribute, at least one level is significantly different from zero, with the location attribute
containing three levels that have significant coefficients. The clinic and community cen-
ter locations are preferred to the workplace. For the payment form attribute, debit card is
preferred above other levels, just as weekly payments is preferred to other payment fre-
quencies. On the other hand, requiring both attendance and record-keeping is preferred
less than other reward conditions. As expected, the reward amount is highly significant,
although it was one of the attributes with the highest proportion of low responses to the
attendance question.

3.5.2 Non-attendance as zero marginal utility

We next consider which points on the attendance scale are most consistent with a the-
oretical expectation of zero marginal utility. We do so by estimating a set of models
where coefficients on ignored attributes are constrained to zero at the respondent level,
and different segments of the attendance scale indicate attribute non-attendance. Each
model corresponds to grouping adjacent points on the attendance scale into the ‘ig-
nored’ part of the scale, and the list of models represents an exhaustive combination of
such groupings. Since each model has the same number of estimated parameters and the
same number of observations, we compare them using log-likelihood values (Figure 3.6).
The models with the highest log-likelihood values are those which assign the negative
responses (points 1, 2 and 3) to non-attendance, with the lowest response (point 1) gar-
nering the maximum log-likelihood values in this set. This result is reassuring, because
it displays consistency between our expectations given the wording of the attendance
question (where ‘never’ is associated with point 1) and the empirical result (where point
1 best corresponds to zero marginal utility).

However, comparing log-likelihood values only allows us to rank models without the
ability to say whether one model is significantly better than another. Thus, we refine
our empirical results by employing the Vuong test for non-nested hypotheses (Vuong,
1989) in order to discriminate between the top three models, as ranked by log-likelihood
values (Table 3.2). The results show that the Vuong test is unable to discriminate between
the top two models, so we cannot reject the null that the two models are equally distant
from the true specification. However, the test does discriminate between the second and
third models, in favour of the second model. Thus, it is clear that the top two models are
significantly different from the remaining models in this set, and therefore, points 1 and
2 on the attendance scale are the best indicators of non-attendance. However, whether it
is point 1 alone or also point 2 which are the best indicators is unclear. These results are
similar to the practice in Scarpa et al. (2013) of assigning the two lowest points to non-
attendance and the finding in Colombo et al. (2013) that the lowest point corresponds to
non-attendance, but is not consistent with the decision in Weller et al. (2014) to assign
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Figure 3.6: Log-likelihood values of models where coefficients on ignored attributes are
constrained to zero at the respondent level.

the three lowest points, including the middle point, to non-attendance.

Model 1 Model 2 Test statistic Decision

1 as ignore 12 as ignore 1.43 Unable to discriminate
12 as ignore 123 as ignore 2.78 Reject in favour of Model 1

Table 3.2: Vuong test results for top-ranked models where coefficients on ignored at-
tributes are constrained to zero at the respondent level. The test statistic is distributed
as a standard normal, and the decision rule uses a critical value of 1.96.

Comparing the favoured models in this set to the baseline model, we see a remarkable
improvement in model fit according to all measures (Table 3.3). This result is consis-
tent with other studies which have taken into account attribute non-attendance, the vast
majority of which have found improved fit. The sign of significant coefficients is sim-
ilar across all models, although there are a few changes in significance. For example,
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constraining coefficients on ignored attributes to zero seems to have sharpened prefer-
ence estimates for payment form, revealing a negative preference for the health debit
card compared to other levels. In general, the changes in significance are due to modest
changes in coefficient estimates and standard errors, reflecting the marginal significance
level of the coefficients rather than any dramatic change.

Table 3.3: (continued on next page)

Baseline 1 as ignore 12 as ignore

ASC.SQ −0.290∗∗ −0.409∗∗∗ −0.210∗∗∗

(0.104) (0.048) (0.039)
Mag.0 0.027 −0.112 0.081

(0.109) (0.065) (0.058)
log(amount + 1) 0.236∗∗∗ 0.358∗∗∗ 0.305∗∗∗

(0.039) (0.021) (0.018)
location: workplace −0.163∗∗∗ −0.200∗∗∗ −0.197∗∗∗

(0.049) (0.053) (0.054)
location: community 0.109∗ 0.130∗ 0.121∗

(0.049) (0.052) (0.054)
location: church −0.066 −0.031 −0.017

(0.048) (0.051) (0.052)
location: clinic 0.120∗ 0.101∗ 0.093

(0.048) (0.051) (0.053)
form: gym −0.036 −0.082 −0.098

(0.052) (0.058) (0.062)
form: medical −0.080 −0.123∗ −0.135∗

(0.051) (0.055) (0.059)
form: debit 0.129∗ 0.143∗ 0.173∗∗

(0.051) (0.056) (0.060)
form: cash −0.013 0.061 0.059

(0.056) (0.059) (0.063)
condition: weight 0.083 0.078 0.067

(0.052) (0.055) (0.056)
condition: compliance −0.040 −0.062 −0.082

(0.052) (0.055) (0.056)
condition: att.comp −0.108∗ −0.109∗ −0.103

(0.050) (0.053) (0.054)
condition: attendance 0.065 0.093 0.119∗

(0.054) (0.057) (0.058)
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Table 3.3: (continued from previous page)

Baseline 1 as ignore 12 as ignore

frequency: weekly 0.111∗ 0.109 0.146∗

(0.055) (0.062) (0.068)
frequency: monthly −0.081 −0.014 −0.036

(0.052) (0.059) (0.064)
frequency: quarterly 0.059 0.017 −0.014

(0.050) (0.056) (0.062)
frequency: once −0.089 −0.113 −0.096

(0.052) (0.059) (0.063)

Log-likelihood −2543.513 −2403.606 −2420.547
AIC 5117.025 4837.212 4871.094
BIC 5204.398 4924.584 4958.467
ρ̄2 0.049 0.101 0.094
N 2502.000 2502.000 2502.000
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 3.3: Coefficient estimates for baseline model and top-ranked models assuming
non-attendance as zero marginal utility.

3.5.3 Attendance scale length

Now we consider the value of different attendance scale lengths by estimating mod-
els under recoded attendance scales, constructed by collapsing adjacent points on the
original six-point scale into common attendance levels. These models are specified with
separate coefficients for each attendance level. We evaluate these models according to
a number of model selection criteria, including prediction accuracy, AIC, BIC, and Mc-
Fadden’s pseudo R2, adjusted for degrees of freedom (Ben-Akiva and Lerman, 1985).

Figure 3.7 presents models estimated under all possible recoded attendance scales, or-
dered by increasing prediction error. From the figure, we can see that the lowest error
model is the one estimated under a recoded dichotomous scale, where points 1 through
5 are assigned to one level and point 6 is assigned to another level. Judging by the
95% coverage interval, this model has significantly less error than the next lowest error
model. Hence we choose this model as a candidate for further analysis via hypothesis
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Figure 3.7: Prediction accuracy, as measured by the multinomial deviance loss function,
for models estimated under all possible recoded attendance scales. Error bars represent
95% coverage intervals. The minimum error model for each attendance scale length is
highlighted with a grey outline.

testing. In addition to configuration 12345|6, other candidates suggested by the figure
include 1234|5|6 and 123|4|5|6, because they are the minimum error model for their
given attendance scale lengths and because they may have significantly different error
from other models.

Figure 3.8 presents the same models in the same order as Figure 3.7, but the measures
presented are goodness-of-fit measures instead. A striking difference between the two
figures is that prediction accuracy clearly favours very different models from goodness-
of-fit measures. Both AIC and ρ̄2 favour longer attendance scales, thereby ranking the
models in almost the opposite order from prediction accuracy. BIC favours parsimony
more than the other goodness-of-fit measures, and its rankings appear to be driven
primarily by attendance scale length. According to the goodness-of-fit measures, there
are two natural candidates for further for hypothesis testing: 1|23456 and 1|234|56.
These models not only have some of the highest rankings in each measure, they have
very similar rankings across all three measures.
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Figure 3.8: Goodness-of-fit measures, including AIC, BIC and McFadden’s pseudo R2

(adjusted for degrees of freedom), for models estimated under all possible recoded at-
tendance scales. The models are in the same order as in Figure 3.7. The best model for
each attendance scale length, according to a given measure, is highlighted with a grey
outline.
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We now have two sets of candidate models to compare against the original six-point at-
tendance scale, one set determined by prediction accuracy and the other set determined
by goodness-of-fit measures. Table 3.4 presents the results of likelihood ratio tests of
each candidate model against the model estimated under the original six-point atten-
dance scale. For each candidate model selected by prediction accuracy, we can reject
the null that the candidate model and the fully polytomous model are the same at the
95% significance level. However, for each candidate model selected by goodness-of-fit
measures, we cannot reject the null that the candidate model and the fully polytomous
model are the same.

Attendance scale DoF Log-likelihood χ2 p-value

1|2|3|4|5|6 67 −2379.6

12345|6 15 −2549.7 340.1 0.000

1234|5|6 28 −2503.3 247.4 0.000

123|4|5|6 41 −2466.5 173.8 0.000

1|23456 15 −2410.9 62.6 0.148

1|234|56 28 −2389.9 20.5 0.993

Table 3.4: Likelihood ratio tests of candidate models against model estimated under
original six-point attendance scale. The first row indicates the original six-point scale,
the second group of rows the candidate models selected by prediction accuracy, and the
third group of rows the candidate models selected by goodness-of-fit measures.

The opposing results from the two sets of candidate models give opposite interpreta-
tions: the models selected by prediction accuracy imply that the original, longer scale is
more informative than the shorter scale, whereas the models selected by goodness-of-fit
measures imply that the original, longer scale is not more informative than the shorter
scale. To resolve this contradiction, we test candidate models from one set against the
other set using the Vuong test for non-nested hypotheses.

We select one candidate model from each set for the Vuong test, 12345|6 and 1|23456,
chosen because they each ranked best in their respective sets and because they are the
most parsimonious within each set. The test statistic for the two models chosen is −7.18.
Using a significance level of 95%, which corresponds to a critical value of 1.96, the test
indicates that the null hypothesis of equally distant specifications can be rejected in
favour of the second model, 1|23456.

Hence, the test results suggest relying on the interpretation arising from the set of can-
didate models selected by goodness-of-fit measures: that the original six-point scale is
not more informative than the shorter dichotomous and trichotomous scales which were
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recoded. However, a likelihood ratio test of the dichotomous scale (1|23456) against
the trichotomous scale (1|234|56) reveals a significant difference (χ2 : 42.1). Thus, a
trichotomous scale may be more informative than a dichotomous scale, similar to the
finding in Colombo et al. (2013).

3.5.4 Consistency with theoretical expectations

Intuition and the results in Colombo et al. (2013) suggest that the attendance levels
defined in the two candidate models could correspond to non-attendance, partial atten-
dance and full attendance. We attempt to verify these interpretations by examining the
estimated coefficients for both candidate models. Due to the number of estimates in-
volved, we consider a graphical presentation of them in the text, while making a tabular
form available in section 6.F. Figure 3.9 displays the coefficient estimates for the model
estimated under the original six-point attendance scale, while Figure 3.10 and Figure 3.11

display the coefficient estimates for the models estimated under the favoured dichoto-
mous and trichotomous models, respectively. In each figure, the effects and their 90%
confidence intervals are plotted as point ranges, with effects significantly different from
zero in black and insignificant effects in grey. In the background, the effects and their
90% confidence intervals for the full attendance model are also plotted in blue.

Under the original six-point scale, the coefficients on the same attribute level across
different attendance levels are, for the most part, not significantly different from each
other, suggesting either insufficient sample sizes to pick up significant effects or that
attendance levels may not be associated with different preference intensities. A notable
exception is the coefficients associated with reward amount, which display a very clear
upward trend, indicating that the greater the stated attendance to reward amount, the
more positive and intense the sensitivity to reward amount. For this attribute alone, the
results suggest some conflation of preference and stated attendance.

Under the dichotomous scale model, about half of the effects are significantly different
between the two attendance groups, providing limited evidence for consistency with
theoretical expectations. Furthermore, the ‘ignored’ attendance group frequently has a
more positive effect than the ‘attended’ group, even for preferred attribute levels such
as debit card. This observation is at odds with the theoretical expectation that the ‘ig-
nored’ attendance group should have a more negative effect than the ‘attended’ group
for preferred attribute levels.

Under the trichotomous scale model, the effects tend to increase or decrease mono-
tonically across attendance levels for the same attribute level. This pattern supports
interpretation of the points on the trichotomous scale as moving from less attendance
(‘no attendance’) to more attendance (‘partial’ and then ‘full attendance’), as in Colombo
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full attendance model coefficients and 90% confidence intervals, respectively. Significant
effects are darker than insignificant effects.
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Figure 3.10: Coefficients and 90% confidence intervals by attendance group and attribute
level estimated under a model with separate coefficients for each level of a recoded
dichotomous attendance scale. The blue line and ribbon in the background represent the
full attendance model coefficients and 90% confidence intervals, respectively. Significant
effects are darker than insignificant effects.
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et al. (2013). However, the direction of the trend does not always follow theoretical
expectations. Similar to the dichotomous scale model, lower attendance levels are some-
times associated with more positive effects even for preferred attribute levels such as
debit card, casting serious doubts on the interpretation of the trichotomous scale. We
may also expect that the variance of ignored attribute levels to be greater, as in Campbell
et al. (2008), but again, we do not find this pattern to be the case consistently.

3.5.5 Consistency with inferred attendance

We next consider consistency between stated and inferred attendance, where attendance
is inferred using the respondent-specific conditional distribution. The conditional distri-
bution is computed by first estimating a random parameters logit model with a similar
specification to the baseline model of subsection 3.3.1, except that the coefficients on each
attribute are specified to have a normal distribution. Second, the mean and standard de-
viation of the conditional distributions are computed using 500 Halton sequence draws
from the estimated normal distribution.

In Figure 3.12, we consider a continuous level of inferred attendance. In this case, in-
ferred attendance for a specific individual and attribute is based on the coefficient of
variation of the conditional distribution of the random coefficient corresponding to that
attribute for that individual. The higher the coefficient of variation, the higher the in-
ferred non-attendance. If inferred attendance and stated attendance corresponded well
to each other, we would expect to see that higher stated attendance corresponded to
lower inferred non-attendance. However, few random coefficients display this pattern,
the exceptions being the coefficients on reward amount and the debit card payment form.

We bolster visual inspection with a statistical model, estimating an ordered logistic
model where the stated attendance level for a specific attribute is the dependent variable
and the inferred attendance levels (coefficient of variation values) for each level of that
specific attribute are the explanatory variables (Table 3.5). If inferred attendance and
stated attendance corresponded well to each other, we would expect to see significant
negative coefficients in the ordered logistic model. Instead, we see mostly insignificant
coefficients, with only one significant negative coefficient (on the debit card payment
form, which we identified visually as displaying the expected pattern) and, unexpect-
edly, a significant positive coefficient.

In Figure 3.13, we consider dichotomous stated and inferred attendance, using the lowest
point as non-attendance for stated attendance and a threshold of 2 for the coefficient of
variation as Hess and Hensher (2010) does for inferred attendance. For every attribute
or attribute level, stated and inferred sources disagree on non-attendance more than
they agree. That is, the number of dissimilar classifications are far greater than the
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Figure 3.11: Coefficients and 90% confidence intervals by attendance group and attribute
level estimated under a model with separate coefficients for each level of a recoded
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Figure 3.12: Box plot of the distribution of inferred attendance level (measured by the
respondent-specific conditional distribution coefficients of variation) over individuals by
stated attendance level and random coefficient.
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amount location form condition frequency

log(amount + 1) −0.01
(0.02)

location: workplace 0.02
(0.02)

location: community 0.02
(0.01)

location: church 0.00
(0.00)

form: gym −0.00
(0.00)

form: medical 0.00
(0.00)

form: debit −8.83∗∗∗

(1.18)
condition: weight 0.00

(0.00)
condition: compliance 0.03∗

(0.02)
condition: att.comp 1.30

(0.95)
frequency: weekly 0.01

(0.02)
frequency: monthly 0.01

(0.01)
frequency: quarterly 0.00

(0.00)

AIC 2242.67 1960.65 2196.21 2048.81 2268.06
BIC 2269.39 1996.28 2231.84 2084.44 2303.69
Log Likelihood −1115.33 −972.33 −1090.11 −1016.40 −1126.03
Deviance 2230.67 1944.65 2180.21 2032.81 2252.06
Num. obs. 635 635 635 635 635
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 3.5: Coefficient estimates for ordered logistic regression of stated attendance on
inferred attendance (measured by respondent-specific conditional distribution coefficient
of variation values).
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number of cases classified as non-attendance by both stated and inferred sources. For
some attributes and attribute levels, there are far more cases of ‘silent attend’ than ‘silent
ignore’; that is, respondents tend to state non-attendance when attendance is inferred.
The disproportionate number of ‘silent attend’ cases was found by previous studies
(Hess and Hensher, 2010; Collins et al., 2013; Campbell et al., 2011), and one reason why
self-reported attendance behaviour was questioned. On the other hand, several attribute
levels have nearly equal numbers of ‘silent attend’ cases and ‘silent ignore’ cases, which
indicates that neither source of attendance information is systematically biased with
respect to the other.

3.6 Conclusion

Attribute non-attendance has attracted a growing amount of attention in the last decade,
but researchers still struggle with how to interpret non-attendance statements. The
reliability of self-reported attendance is suspect due to the potential for misreporting,
conflation between low and zero preferences, and the potential for attendance to differ
depending on the choice set presented. Polytomous attendance scales have the potential
to ameliorate all three of these effects, by potentially decreasing social desirability bias,
differentiating between low and zero preferences, and providing an avenue for respon-
dents to indicate different frequencies of attribute attendance. However, the increased
respondent burden and model complexity calls for a closer look at these potential bene-
fits.

This study uses a choice experiment in health economics to assess the performance and
theoretical face validity of a six-point polytomous attendance scale. The first part of
the analysis considered which points on the six-point attendance scale was most consis-
tent with the theoretical interpretation of non-attendance as zero marginal utility. Using
log-likelihood values and the Vuong test for non-nested hypotheses, we found that the
lowest point or the lowest two points were the best indicators of non-attendance, inter-
preted as zero marginal utility. This result is consistent with the finding in Colombo
et al. (2013) that the lowest point corresponds to non-attendance, and the practice in
Scarpa et al. (2013) of assigning the two lowest points to non-attendance. However,
this result is not consistent with the decision in Weller et al. (2014) to assign the lowest
three points, including the midpoint, to non-attendance. Similar to the vast majority of
other attribute non-attendance studies, imposing zero marginal utility on non-attended
attributes dramatically improved model fit.

The second part of the analysis assessed the value of longer attendance scale by com-
paring the original six-point attendance scale with scales recoded to a shorter length. In
this part of the analysis, we recoded the original attendance scale by grouping adjacent
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points into new attendance levels, thus forming artificially shorter scales. We then es-
timated MNL models with separate coefficients for each attendance level, and selected
the best models using criteria such as prediction accuracy and goodness-of-fit. After
using the Vuong test for non-nested hypotheses to select between the candidate models
selected by different criteria, we found that the favoured models were estimated under
dichotomous and trichotomous models which assigned the lowest point on the six-point
scale to its own attendance level. The trichotomous scale further split the higher points
into two attendance levels (234 and 56).

The third part of the analysis compared empirical findings with theoretical expecta-
tions. While we expected the attendance levels in the dichotomous scale to correspond
to non-attendance and attendance, and the attendance levels in the trichotomous scale to
correspond to non-attendance, partial attendance and full attendance, close examination
of the coefficient estimates under the dichotomous and trichotomous scales cast doubt
on these interpretations. There were several instances of inconsistency with theoretical
expectation, such as coefficients associated with ‘ignored’ attributes being more positive
than coefficients associated with attended attributes.

Finally, we compared stated attendance with inferred attendance, where attendance was
inferred from the coefficient of variation of the respondent-specific conditional distribu-
tion on the random parameters of a random parameters logit model. We compared a
polytomous version of stated attendance to a continuous version of inferred attendance,
and found, both visually and statistically, that higher stated attendance did not corre-
spond to lower inferred non-attendance. We also compared a dichotomous versions of
stated and inferred attendance to each other, and found more dissimilar non-attendance
classifications than similar.

These results suggest two conclusions: 1) that a six-point scale is unnecessarily long, and
a dichotomous or trichotomous scale, as found previously in the literature, is likely to
be sufficient to capture what attendance information there is, and 2) that the nature of
the attendance information captured is still enigmatic to the choice modeller. Although
imposing zero marginal utility on non-attended attributes improves model fit, freeing
the model from this theoretical constraint presents a very different picture, in which
‘non-attended’ attributes often display non-zero marginal utility. Furthermore, stated
attendance reported on a polytomous attendance scale was no more consistent with
inferred attendance than previous studies have found.

Thus, the search for more reliable attendance elicitation formats continues. As men-
tioned in the literature review, collecting attendance state through implicit measures, as
suggested by Hensher et al. (2005), seems to be one potential way forward. Another
possible direction is to combine stated and inferred attendance, by treating attendance
statements as measurements with error, and allowing them to inform but not dictate at-
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tendance state. Hensher et al. (2007) made an early attempt at treating knowledge of the
attendance state stochastically, by modelling attendance behaviour as a type of ’choice’
based on expected utility maximization. The expected maximum utility index derived
from estimates for the attendance ’choice’ model is then used as a covariate in the usual
choice model representing choices made in the choice experiment. This novel specifi-
cation was found to outperform the conventional model assuming full attendance in
terms of model fit. A later attempt was the hybrid choice model developed by Hess and
Hensher (2013) and mentioned earlier in the literature review. Positing a latent variable
which drove both attendance statements and choice, the hybrid model addressed not
only the possibility of measurement error in attendance statements, but also endogene-
ity concerns. Since both attendance statements and choices were dependent variables in
the hybrid model, the potential endogeneity between them was explicitly modelled. Em-
pirically, the study found that the probability of stating non-attendance decreases with
the latent variable, which supports its interpretation as attribute importance. However,
the hybrid model did not outperform the full attendance model. Collins et al. (2013)
and Hole et al. (2013) took an approach which is broadly applicable to any latent class
approach: they allowed attendance statements to enter as covariates which help explain
class membership probabilities. Both studies found that including attendance statements
in this manner improved model fit greatly.
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Chapter 4

A guide to heterogeneity features
captured by parametric and
nonparametric mixing distributions for
the mixed logit model

Abstract

Unobserved heterogeneity is popularly modelled using the mixed logit model,
so called because it is a mixture of standard conditional logit models. Although
the mixed logit model can, in theory, approximate any random utility model with
an appropriate mixing distribution, there is little guidance on how to select such a
distribution. This study contributes to suggestions on distribution selection by de-
scribing the heterogeneity features which can be captured by established parametric
mixing distributions and more recently introduced nonparametric mixing distribu-
tions, both of a discrete and continuous nature. We provide empirical illustrations of
each feature in turn using simple mixing distributions which focus on the feature at
hand.

4.1 Introduction

Heterogeneity in behaviour is widely acknowledged to be a fundamental aspect of dis-
crete choice modelling (Hess et al., 2005; Desarbo et al., 1997; Allenby and Rossi, 1998),
arising from differences in individual tastes, attitudes and perceptions, decision strate-
gies, and other factors. Consequently, heterogeneity can affect many different parts of the
choice model specification, including, for example, the taste parameters (taste variation),
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values of the attributes (perceptual variation), functional form (structural variation), and
the error term (scale variation). The consequences of ignoring heterogeneity are similar
to the consequences of other forms of misspecification: biased estimates and misleading
policy implications (Desarbo et al., 1997).

Perhaps the most popular way of taking heterogeneity into account is the mixed logit
model, which is defined by a choice probability expressed as a mixture of standard logit
probabilities (Train, 2009):

pij =
∫

Lij(β) f (β; θ)dβ (4.1)

where pij is the probability that individual i will choose alternative j from a choice set,
f (β; θ) is the density of the parameters β, θ are hyperparameters which parameterize the
density of β1, and Lij is the standard choice probability for the conditional logit model

Lij(β) =
exp(β′xij)

∑k exp(β′xik)
. (4.2)

assuming a linear-in-parameters specification for the systematic utility. Inspection of
Equation 4.1 reveals the origin of the name ‘mixed logit’: the mixed logit model is
a mixture model where the components are conditional logit models and the mixing
distribution is given by f (β). Hence, the mixed logit model is also known as the ‘mixed
multinomial logit model’ and the ‘logit kernel model’.

The mixed logit model can be derived in a number of ways, but under the random utility
framework, two interpretations are popular, the random parameters logit model and the
error components logit model (Train, 2009). The former permits random coefficients in
the systematic utility component of the random utility

Uij = β′ixij + εij (4.3)

where xij is the vector of observed individual-specific and alternative-specific variables
and βi is the vector of individual-specific taste parameters, drawn from a density f (β).
The stochastic component solely consists of εij under the random parameters formula-
tion, and is iid Gumbel-distributed, leading to the logit choice probability expression
Equation 4.1. The error components interpretation, on the other hand, fixes the taste pa-
rameters but permits additional error components creating arbitrary correlation between
utilities for different alternatives

Uij = β′xij + µ′izij + εij (4.4)

1For the rest of the text, we will use the term ‘hyperparameter’ to differentiate between parameters
which enter the standard logit probability (parameter) and parameters which parameterize the mixing
distribution (hyperparameter).
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where µ is a vector of random coefficients and zij is a vector of observed variables, to-
gether comprising additional error components in random utility. Both formulations
lead to the mixed logit model (Equation 4.1) and are theoretically equivalent, but they
lend themselves to different interpretations. The random parameters formulation natu-
rally lends itself to representing taste variation, since the random coefficients are inter-
preted as individual-specific taste parameters, while the error components formulation
naturally lends itself to representing scale variation.

No matter the interpretation chosen, the mixed logit model has a special property: given
the appropriate choice of variables and mixing distribution, it can approximate any ran-
dom utility model to any degree of accuracy (McFadden and Train, 2000). This property
is a double-edged blade: on the one hand, it makes the mixed logit model an extremely
powerful model which can be used in almost any circumstances, but on the other hand,
it implies that the mixed logit model can be incorrectly interpreted as revealing taste or
scale variation when, in fact, it is simply capturing structures omitted through mis-
specification (Provencher and Bishop, 2004; Cherchi and Ortúzar, 2008; Cherchi and
de Dios Ortúzar, 2010). For example, Cherchi and Ortúzar (2008) found in a simula-
tion study that an alternative-specific random coefficient would give the impression of
significant heterogeneity when in fact there was no taste variation in that term but rather
correlation among alternatives. Consequently, analysts need to be careful drawing con-
clusions about taste variation when omitted structures may be present.

Furthermore, the result from McFadden and Train (2000) is only an existence result. It
does not provide any guidance on which variables or which mixing distributions will
achieve an arbitrarily accurate approximation (Train, 2008). In practice, most analysts use
a continuous parametric distribution (Train, 2009), particularly the multivariate normal
(Train, 2008). Although some studies test different continuous parametric distributions
against each other (e.g. Marcucci and Gatta, 2012; Amador et al., 2008; Cherchi and
Ortúzar, 2008), others simply adopt the normal distribution without further ado (e.g.
Johnston and Duke, 2007; Birol et al., 2006; Horsky et al., 2006). However, the normal
distributions has been strongly criticized for its strict assumptions, such as unbounded
support, unimodality and symmetry. Occasionally, empirical applications of the mixed
logit model use alternative mixing distributions which relax one or more of these as-
sumptions, such as the log-normal distribution which is bounded on one side, and the
latent class logit model which dispenses with parametric distributional assumptions al-
together. Still, these alternatives have their own restrictions: the log-normal is afflicted
with a heavy tail which may bias mean estimates, while the latent class logit model can
usually only be estimated with a few classes. Not content with these simplistic alterna-
tives, researchers have introduced a host of more advanced mixing distributions in the
past decade. These include nonparametric continuous mixing distributions, which com-
bine the benefits of avoiding parametric assumptions with a continuous representation
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of heterogeneity, and reparameterizations of the latent class logit model, which allow
more detailed heterogeneity to be estimated with fewer parameters.

To the author’s knowledge, there is no one study which comprehensively covers all the
mixing distributions now available, old and new, parametric and nonparametric, contin-
uous and discrete. Most of the relatively recent mixing distributions have seen limited
use in empirical applications, possibly because many practitioners are not yet aware of
them. On the other hand, those practitioners facing the full gamut of available mixing
distributions may find specification an overwhelming task. In order to raise awareness
of new mixing distributions and guide selection of mixing distributions, this study will
describe mixing distributions in terms of the features of heterogeneity which they model.
Although some studies have focused on one feature or another, this study is unique in its
emphasis on features relevant to the research goal at hand and the coverage of multiple
features. This study encourages practitioners to consider the nature of the heterogeneity
which may be present, and choose the appropriate mixing distributions based on data,
theory or policy relevance. For example, the data may reveal evidence of skew in the
preference distribution, which can bias the mean from a policy standpoint. Another
example comes from theory, which usually suggests that cost coefficients should be neg-
atively signed, implying a distribution which is at least bounded on one side. Finally, if
the policy question is about identifying different behavioural segments of customers (as
in market segmentation, a fundamental concept in marketing), a preference distribution
with multiple modes is indicated.

Wedel et al. (1999) points out that selecting an appropriate mixing distribution is es-
pecially difficult because specifying the form of parameter heterogeneity is largely an
empirical issue. Yet his call for research into the ‘theoretical underpinning of hetero-
geneity, with the purpose of identifying variables that need to be included in models
and to assist researchers in the appropriate model specification’ has not been answered
in more than 10 years. However, he also suggests that ‘empirical generalizations could
help form theoretical foundations for the description of heterogeneity’.

Thus, the main contribution of the study is to comprehensively describe common and
alternative mixing distributions, including raising awareness of the more recently in-
troduced alternative mixing distributions, and with particular emphasis on the set of
heterogeneity features which each mixing distribution captures. A secondary contribu-
tion of this study is an empirical search for each feature explored in this study using a
case study in health economics, thus adding to the body of work which can form the
empirical generalizations Wedel et al. (1999) call for.

First, we describe in section 4.2 the heterogeneity features which can help guide mix-
ing distribution selection. We follow up in section 4.3 with a description of commonly
used parametric mixing distributions with respect to the heterogeneity features they
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capture. In section 4.4, we illustrate an empirical search for those heterogeneity features
using some of the discussed parametric mixing distributions. The combination of hetero-
geneity features, and in particular, more complex dependence structures, motivates the
discussion of nonparametric mixing distributions in section 4.5, and another empirical
illustration is provided in section 4.6. section 4.7 debates selecting between parametric
and nonparametric mixing distributions, and section 4.8 concludes.

4.2 Heterogeneity features

Heterogeneity features are properties of the mixing distribution which may be relevant
to theory or policy. We emphasize heterogeneity features as a guide for considering
mixing distributions because they provide an approach for addressing unobserved het-
erogeneity from a basis of what is needed rather than what is found to fit best. Cherchi
and de Dios Ortúzar (2010) suggest that statistical fit can be unhelpful as a mixing dis-
tribution selection criterion, because different specifications often fit equally well but
result in very different predictions and policy implications. Furthermore, an emphasis
on relevant heterogeneity features rather than statistical fit results in fewer mixing dis-
tributions for the analyst to test. A reliance on statistical fit as a selection criterion would
imply that the analyst should estimate many (to the extent practical, all) available mixing
distributions and select the one with best fit. In contrast, using heterogeneity features
would involve identification of features deemed relevant under theory and policy and
only estimating only the most parsimonious distribution which captures the relevant
features. Indeed, if some of the relevant features are not observed empirically in the es-
timated mixing distribution, then an even more parsimonious mixing distribution may
be chosen.

Below, we describe some heterogeneity features which can be used to select mixing
distributions. The set of described heterogeneity features has largely been motivated by
the reasons for dissatisfaction with the prevailing mixing distribution, the multivariate
normal.

4.2.1 Range of support

The long tails of the normal distribution imply very positive and very negative values
for taste parameters, which may be behaviourally implausible. For taste parameters
which researchers have a priori sign expectations (e.g., cost coefficient), support on both
sides of zero will often imply implausibly large proportions of the distribution with the
‘wrong’ sign. Counterintuitive signs, particularly on cost coefficients, are a major driver
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of research into alternative mixing distributions (Hess et al., 2005; Train and Sonnier,
2005; Hess et al., 2006; Train, 2008; Rigby et al., 2009; Bastin et al., 2010; Campbell et al.,
2010; Cirillo and Hetrakul, 2010; Hess, 2010; Chalak et al., 2012; Bastani and Weeks, 2013;
Keane and Wasi, 2013). Finally, if the cost coefficient is specified as random with support
which spans zero, WTP estimates will have infinite moments (Daly et al., 2012). Hensher
and Greene (2003) and Hess et al. (2005, 2006) recommend bounded mixing distribu-
tions, emphasizing that the bounds should be estimated from the data. Once the mixing
distribution is bounded, behaviourally implausible extreme values for taste parameters
are eliminated, and coefficients with sign expectations are forced to be consistent with
theory.

4.2.2 Number of modes

Economic theory rarely provides guidance on how many modes a mixing distribution
should have. On the other hand, a central concept in marketing theory is market seg-
mentation, the view that a heterogeneous market is composed of smaller homogeneous
sub-markets (Wedel and Kamakura, 2000). The policy implication of multiple modes
under a marketing context can easily be seen. Consider, for example, Campbell and
Doherty (2013), which studied the demand for value-added services to chicken which
improve food safety and quality (e.g., food testing standards, traceability standards, an-
imal health/welfare standards). They found that the demand for value-added services
came from a niche market segment; while this segment was willing to pay a price pre-
mium for the services, other consumers were not willing to pay any price premium. A
preference distribution failing to account for the multimodal nature of this preference
distribution would have led to a misleading marginal WTP and revenue predictions. In
particular, the niche market segment would have been charged a lesser price premium
than they would actually be willing to pay, and the other consumers would not be will-
ing to pay the price premium at all. Another way to think of the segmentation problem
is that if one person wants a red balloon, and the other a blue balloon, a purple balloon
satisfies no one. Under a multimodal distribution, the mode estimated under a unimodal
distribution is unlikely to be located on any of the true modes.

However, accommodating multiple modes is not always necessary, even if they do exist.
Suppose only population-level summary statistics, such as the population mean, are
called for in a given application. Then a more restrictive mixing distribution with only
one mode would still yield approximately the same measures as a more flexible mixing
distribution which allows multiple modes.
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4.2.3 Symmetry

Economic theory is also usually silent on whether a mixing distribution should be sym-
metric or asymmetric. Balcombe et al. (2011) motivates the consideration of skew with
an example attribute, ‘genetic modification’, which could be associated with extreme
disutility by some individuals but, at the same time, unlikely to be matched by extreme
positive utility by other individuals. The authors then go on to develop a new mixing
distribution which is a transformation of the normal distribution, but unlike previous
transformations, can accommodate positive, negative or zero skew. In their empirical
study of attitudes to bovine breeding technologies, they found significant evidence of
skew, even after accounting for one potential source of skew, attribute non-attendance2.

The presence of asymmetry, if unacknowledged, may bias the impression of where the
‘middle’ of the distribution is. Since the mean, as a measure of central tendency, is
heavily influenced by extreme values, a heavy tail will pull the mean towards it, even if
the bulk of the distribution is away from the mean. This point is illustrated in Figure 4.1,
a schematic of symmetric and asymmetric distributions with the same mean. The shaded
region represents the middle 50% of the asymmetric distribution, and the mean of both
distributions is close to the edge of the shaded region.

Another policy implication of asymmetry is that there exists some individuals with rel-
atively extreme preference parameter values, while the rest of the individuals have less
extreme preferences. From a policy standpoint, it may be desirable to separate the two
groups, so that the preferences of the ‘mainstream’ group can be served without the
influence of the ‘extreme’ group, and the preferences of the ‘extreme’ group may or
may not be served, or may be served with different policy instruments. This separation
of preferences into ‘majority/minority’ is a special case of segmentation, mentioned in
the discussion of number of modes, and, as the terminology would imply, could have
important equity implications. There are different approaches to the issue of major-
ity/minority preferences: identifying the majority/minority by modelling asymmetry
allows for the full scope of these approaches, while ignoring asymmetry implicitly con-
strains the policy analysis to one particular approach.

2Attribute non-attendance is the behaviour of ignoring some attributes when performing a choice
task. This behaviour is econometrically equivalent to a zero utility for the ignored attributes. If the true
distribution of marginal utility for the attribute is symmetric, then the presence of attribute non-attendance
would skew the distribution, since it confounds the true distribution with a point mass at zero.
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Figure 4.1: Schematic illustration of symmetric and asymmetric distributions with the
same mean.

4.2.4 Dependence between random parameters

The conventional multivariate normal mixing distribution can theoretically accommo-
date a full correlation matrix between random parameters, but in practice, many appli-
cations assume mutual independence for tractability (Train and Sonnier, 2005; Hynes
et al., 2008; Hess, 2014). Those applications which do permit full correlation have found
the presence of significant correlation, better model fit, substantively different taste pa-
rameter estimates and important policy implications (Train and Sonnier, 2005; Hynes
et al., 2008; Mabit et al., 2008; Rigby et al., 2009). Furthermore, correlation between ran-
dom parameters is a consequence of scale heterogeneity (Hess and Rose, 2012). To see
why, consider again the standard logit probability expression (Equation 4.2), except this
time with the omitted scale parameter α present:

Lij(β) =
exp(αβ′xij)

∑k exp(αβ′xik)
. (4.5)

If scale heterogeneity is present, then α is individual-specific (i.e., αi). Since the scale
parameter and the taste parameter are confounded and not separately identified (i.e.,
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only αβ is identified), scale heterogeneity will scale all taste parameters simultaneously
and equally across individuals. Thus, if taste heterogeneity is absent but scale het-
erogeneity is present, the random parameters will display perfect correlation. If scale
heterogeneity is present but correlation is not permitted, the scale heterogeneity will
manifest elsewhere, such as in the standard errors of the parameter estimates. Conse-
quently, correlation between random parameters accommodates scale heterogeneity. As
with taste heterogeneity, there is rarely an a priori reason not to suspect the presence
of scale heterogeneity. However, correlation is only the simplest form of dependence
between random parameters, and higher order relationships are also possible.

Both correlation and higher order relationships could have implications for policy de-
sign, because they suggest how attributes should be bundled to best effect. Dependence
reveals opportunities for synergy between attributes (or warns of its opposite), and if
the policy goal is to design programs or services based on multiple attributes, then the
interactions between attributes can be exploited to design more effective programs. Even
when the policy goal is to value one or two attributes, knowledge of interaction effects
from other attributes can provide a more nuanced understanding of how attribute valu-
ation may be contingent on other attributes.

4.3 Parametric mixing distributions

Alone, each of the heterogeneity features above can be captured by parametric mixing
distributions. In this section we describe a selection of the most widely used parametric
mixing distributions with respect to the heterogeneity features discussed in the previous
section.

The multivariate normal distribution is probably the most widely used mixing distribu-
tion for MXLs. Its appeal can probably be attributed, in part, to the same reason which
makes the normal distribution so common in more general usage: the central limit the-
orem. When the distributional form is unknown, researchers can at least appeal to the
CLT to justify their usage of the normal distribution. Besides this general rationale, the
normal distribution also provides advantages specific to the mixed logit model. Iden-
tifying the normal mixing distribution only requires two hyperparameters per random
coefficient, and the interpretation of the hyperparameters is intuitive since they directly
correspond to mean and standard deviation. Finally, estimating a mixed logit model
with a normal mixing distribution is relatively fast and stable, and estimation routines
are widely available in discrete choice modelling software packages. However, in terms
of heterogeneity features, it is one of the most restrictive mixing distributions, since it
assumes unbounded support, unimodality, symmetry and, frequently, mutual indepen-
dence among random parameters.
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The log-normal and censored or truncated normal are all transformations of the normal
distribution which, most importantly, have a support bounded on one side. These distri-
butions are often used by economists wishing to constrain the sign of the cost coefficient
to respect economic theory. However, their heavy tails (on the unbounded side of their
support) may bias mean estimates and their bounds are theoretically dictated rather than
estimated from data. Furthermore, the log-normal distribution is notoriously difficult to
estimate because of the resulting log-likelihood surface shape (Train and Sonnier, 2005).
Like the normal, all three of these transformations are also unimodal, but unlike the
normal, they are all asymmetrical. However, they are not any more flexible than the
normal with respect to symmetry: they are necessarily asymmetrical, and do not permit
symmetry. Hence, the presence of asymmetry is imposed rather than estimated when
using these normal transformations.

In contrast, the triangular distribution permits negative, positive or zero skew. There-
fore it permits both symmetry and asymmetry and is more flexible than the normal in
this respect. In practice, however, the symmetrical variant of the triangular distribution
is employed (Hess et al., 2006; Fosgerau and Hess, 2009; Hess, 2010), which is somewhat
surprising since the triangular distribution may be the simplest distribution which offers
flexibility with respect to symmetry. This flexibility comes at the price of one additional
hyperparameter compared to the normal distribution, for a total of three. Like the nor-
mal and its transformations, the triangular distribution is unimodal. Unlike the normal
and its transformations, support of the triangular distribution is bounded on both sides
by bounds estimated from data.

Similarly, the uniform distribution is bounded on both sides by bounds estimated from
data. Other than the one heterogeneity feature, the uniform distribution is otherwise
extremely simple, for it does not have a mode (or, has infinitely many modes) and is
perforce symmetrical.

In contrast, the Johnson SB distribution is perhaps the most complicated of the com-
monly used parametric mixing distributions. It is, in fact, also a transformation of the
normal distribution (Johnson, 1949), but involves two additional hyperparameters and
can take on several shapes. Due to the greater number of hyperparameters, empirical
identification can be problematic, and so many applications fix the additional hyper-
parameters. The additional hyperparameters are location parameters which dictate the
bounds of the distribution; hence, the Johnson SB is bounded with bounds that can
either by fixed by the analyst or estimated from the data. The mean and standard devia-
tion of the underlying normal distribution then become shape parameters which dictate
whether the Johnson SB is symmetrical or asymmetrical and unimodal or bimodal.

The parametric mixing distributions can all, in theory, be estimated with full correla-
tion. When using a parametric mixing distribution, each random parameter is assigned
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its own distribution, which is tantamount to specifying the marginal distributions of
the mixing distribution. Then, correlation between the marginal distributions can be
induced using a decomposition of the variance-covariance matrix. However, correlation
only captures linear relationships; if there are higher order relationships between the
taste parameters, inducing correlation is not enough.

The alternative parametric distributions described above have been explored and com-
pared against the multivariate normal in a number of studies (e.g. Hensher and Greene,
2003; Hess et al., 2005; Train and Sonnier, 2005; Hess et al., 2006; Fosgerau and Hess,
2009; Rigby et al., 2009; Cirillo and Hetrakul, 2010; Chalak et al., 2012), and in gen-
eral, the bounded, more flexible distributions are preferred for their ability to avoid
behaviourally implausible taste parameters and to capture complex features of the pa-
rameter distribution such as asymmetry. However, it is important to note that not all
features may be relevant to the policy question at hand, nor present in the observed
data.

4.4 Empirical illustration of parametric mixing distribu-
tions

In this section, we seek empirical evidence for each of the heterogeneity features de-
scribed in section 4.2 using a dataset from a choice experiment on financial incentives
for a behavioural weight loss program. Our baseline mixing distribution is the multi-
variate normal distribution with mutual independence, which could be considered the
most frequently used, ‘default’ MXL mixing distribution. We then compare this baseline
model against a set of MXL with alternative mixing distributions, chosen for their ability
to simply capture each heterogeneity feature identified in section 4.2.

Previous empirical studies of mixing distributions have been dominated by the trans-
portation, environmental and marketing domains, but this empirical illustration uses a
choice experiment in health economics. The health domain is particularly interesting in
this context because many of the heterogeneity features described previously are differ-
ently applicable to health preferences. For example, in transportation economics, signed
cost coefficients have been a prime driver in considering bounded supports, but in health
economics, cost/reward attributes may have counterintuitive signs because consumers
may load them with other meanings beyond the purely financial. Thus bounded sup-
ports, or at least supports which have bounds not estimated from data, may be less
desirable in a health context. Another example is multimodality: in the environmental
context, benefit measures are important tools for policymaking, and in those cases, it is
the benefit across large populations which are relevant. However, policymaking can of-
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ten be more customized in the health context, due to the ability of individual programs,
hospitals, and care providers to tailor their care to the particular subpopulation (which
may not be representative of the general population) which utilizes their services, or
which they hope to target with their services. Thus multimodality can be an action-
able policy goal in the health context, allowing customization and targeting of desired
subpopulations.

This study uses a choice experiment on the design of financial incentives for a weight
loss program to illustrate common and alternative mixing distributions. The financial
incentives were described using five attributes: reward amount, program location, pay-
ment form, reward condition and payment frequency. There were 1,296 respondents,
each of which were presented with four choice tasks. A total of 96 choice sets were
constructed according to the D-efficiency criterion.

4.4.1 Baseline distribution

The baseline model uses a normal mixing distribution with mutually independent ran-
dom parameters. We specify the systematic utility to be a simple linear form, with
attributes as the only terms. We specify the coefficients on reward amount and program
locations to be random while the coefficients on the other attributes are left fixed. We
limit the number of random parameters in order to facilitate clarity in comparison across
the alternative distributions. We chose reward amount and program location to have ran-
dom coefficients because previous work has indicated that are the two most important
attributes, and focus group discussions have suggested heterogeneous preferences for
their levels.

Table 4.1 displays the coefficient estimates for the baseline distribution. Note that all
variables are effect-coded, except for reward amount, which is continuous. We can see
that there is significant preference heterogeneity for reward amount and all program
locations except for the community center.

4.4.2 Bounded alternative

Since we have a positive sign expectation on reward amount and no such expectations
for the location levels, we expect boundedness to be a more acute need for the reward
amount coefficient than the location coefficients. The bounded alternative distribution
we use is the uniform mixing distribution. Like the normal mixing distribution, it is
also described by two parameters, the minimum a and maximum b of the support.
Alternatively, the uniform mixing distribution can also be parameterized by the center c
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Baseline model

Fixed parameters
ASC −0.16 (0.10)
Mag.0 0.09 (0.11)
Form: gym / cash −0.14 (0.05)∗∗

Form: medical / cash −0.19 (0.05)∗∗∗

Form: debit / cash 0.14 (0.05)∗∗

Condition: weight / attendance 0.08 (0.05)
Condition: compliance / attendance −0.05 (0.05)
Condition: attendance and compliance / attendance −0.12 (0.05)∗

Frequency: weekly / once 0.15 (0.05)∗∗

Frequency: monthly / once 0.00 (0.05)
Frequency: quarterly / once 0.05 (0.05)

Random parameter means
log(amount + 1) 0.35 (0.04)∗∗∗

Location: workplace / clinic −0.22 (0.05)∗∗∗

Location: community center / clinic 0.18 (0.04)∗∗∗

Location: church / clinic −0.21 (0.05)∗∗∗

Random parameter standard deviations
s.log(amount + 1) 0.57 (0.03)∗∗∗

s.Location: workplace / clinic 0.60 (0.10)∗∗∗

s.Location: community center / clinic 0.24 (0.18)
s.Location: church / clinic −0.65 (0.10)∗∗∗

Log-likelihood −4454.83
N 4994.00
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 4.1: Coefficient estimates for baseline model, normal mixing distribution with
mutually independent random parameters.
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and spread s of the support. This alternative distribution is widely available in discrete
choice modelling software.

Baseline Uniform

Fixed parameters
ASC −0.16 (0.10) −0.19 (0.10)
Mag.0 0.09 (0.11) 0.06 (0.10)
Form: gym / cash −0.14 (0.05)∗∗ −0.14 (0.05)∗∗

Form: medical / cash −0.19 (0.05)∗∗∗ −0.19 (0.05)∗∗∗

Form: debit / cash 0.14 (0.05)∗∗ 0.14 (0.05)∗∗

Condition: weight / attendance 0.08 (0.05) 0.08 (0.05)
Condition: compliance / attendance −0.05 (0.05) −0.05 (0.05)
Condition: attendance & compliance / attendance −0.12 (0.05)∗ −0.12 (0.05)∗

Frequency: weekly / once 0.15 (0.05)∗∗ 0.15 (0.05)∗∗

Frequency: monthly / once 0.00 (0.05) −0.00 (0.05)
Frequency: quarterly / once 0.05 (0.05) 0.05 (0.05)

Random parameter means/centers
log(amount + 1) 0.35 (0.04)∗∗∗ 0.34 (0.04)∗∗∗

Location: workplace / clinic −0.22 (0.05)∗∗∗ −0.21 (0.05)∗∗∗

Location: community center / clinic 0.18 (0.04)∗∗∗ 0.18 (0.04)∗∗∗

Location: church / clinic −0.21 (0.05)∗∗∗ −0.22 (0.05)∗∗∗

Random parameter standard deviations/spreads
s.log(amount + 1) 0.57 (0.03)∗∗∗ 0.88 (0.04)∗∗∗

s.Location: workplace / clinic 0.60 (0.10)∗∗∗ −0.97 (0.17)∗∗∗

s.Location: community center / clinic 0.24 (0.18) 0.48 (0.28)
s.Location: church / clinic −0.65 (0.10)∗∗∗ 1.14 (0.15)∗∗∗

Log-likelihood −4454.83 −4469.75
N 4994.00 4994.00
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 4.2: Coefficient estimates for baseline model and uniform mixing distribution.

Table 4.2 displays the coefficient estimates for both the baseline model and the uniform
mixing distribution. We can see that the results are fairly similar across the fixed param-
eters and the random parameter means. However, the standard deviation and spread
hyperparameters are not directly comparable. Instead, we visualize the two density
functions (Figure 4.2).

We can see that across all random coefficients, the normal and uniform mixing distribu-
tions are quite similar to each other in terms of location and spread. Additionally, they
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Figure 4.2: Density functions for estimated normal and uniform mixing distributions.
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all display both negative and positive preferences. Some readers may find a noticeable
proportion of reward amount preferences in the negative domain unusual. However,
focus groups held during the development of the survey instrument indicated that some
respondents felt offended at the presence of a financial incentive in a weight loss pro-
gram. Moreover, financial incentives in weight loss programs have raised some degree
of ethical controversy in both the popular press and academic literature, and there are
several other examples of transactions for which monetization is culturally distasteful
(Roth, 2007; Halpern et al., 2009; Schmidt, 2011; Lunze and Paasche-Orlow, 2013).
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Figure 4.3: 95% confidence intervals for estimates of the mean and standard deviation
of the normal and uniform mixing distributions.

We can also compare the estimated mixing distributions in terms of their central mo-
ments (Figure 4.33). Given the obvious similarity in location of the densities in Fig-
ure 4.2, the overlapping confidence intervals for the mean estimates are unsurprising.
The standard deviation estimates, on the other hand, are much more dissimilar, with the
standard deviation of the uniform mixing distribution always lower than that of the nor-
mal mixing distribution. This bias is expected giving the bounded nature of the uniform
distribution and the unbounded nature of the normal distribution.

Given the difference in standard deviation estimates between the normal and uniform
3Confidence intervals were computed using standard errors under the assumption of asymptotic nor-

mality. If the central moment was not a parameter directly estimated (e.g., the standard deviation of the
uniform mixing distribution), then the standard error for the central moment is calculated using the delta
method.
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Coefficient Lower tail Upper tail Total

log(amount + 1) 0.06 0.06 0.12

Location: workplace / clinic 0.05 0.05 0.11

Location: community center / clinic 0.02 0.02 0.05

Location: church / clinic 0.04 0.04 0.08

Table 4.3: Amount of normal density outside of uniform density.

mixing distributions, we consider how much of the estimated normal density lies outside
the estimated uniform density (Table 4.3). We find that proportions are quite modest,
ranging from 5% to less than 15%. Since the means of the two distributions agree well
with one another, this proportion is evenly split between the lower and upper tails.

Coefficient Uniform Normal Difference

log(amount + 1) 0.30 0.27 0.03

Location: workplace / clinic 0.61 0.64 -0.03

Location: community center / clinic 0.31 0.23 0.08

Location: church / clinic 0.60 0.63 -0.03

Table 4.4: Amount of density in negative domain.

Finally, we consider the proportion of the estimated density in the negative domain, a
useful statistic when the policy questions concerns determining how much of the pop-
ulation is for or against a particular attribute. This type of policy question is part of a
broader category of questions which focus on a specific portion of the distribution, and
may not be as forgiving to differences in the distribution as, say, the mean is. Table 4.4
reveals that again, the differences between the uniform and normal distributions are
modest and not biased in a single direction. These results are in line with the sugges-
tion in Sillano and de Ortúzar (2005) that using bounded distributions to enforce sign
constraints are not altogether necessary. When considering the mean of the respondent-
specific conditional coefficient distribution, they found that there were no respondents
with the ‘wrong sign’ on the cost coefficient. Even under the unconditional distribution,
the proportion of the distribution in the ‘wrong domain’ was quite small.

For this particular application, the estimated uniform and normal mixing distributions
were very similar across most aspects we considered, although the standard deviation of
the estimated uniform mixing distribution was smaller, a natural result of the uniform’s
bounded nature. These results suggest that unless policy questions are concerned with
the extreme values of the distributions, policy interpretations in this case are likely to be
quite similar whichever distribution is used.
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4.4.3 Correlated alternative

Correlation between random parameters can provide important policy insights on which
attributes and attribute levels work in synergy and which work in opposition to each
other. Unanticipated correlation may produce unintended policy consequences, and so
identifying the sign and significance of correlations between random parameters has
policy relevance. The correlated alternative distribution we use is the correlated normal
mixing distribution. In the baseline model, the random parameters are assumed to be
mutually independent, but in the correlated normal mixing distribution, the random
parameters are permitted to have an arbitrary variance-covariance matrix. In practice,
the variance-covariance matrix is estimated by estimating the terms of the Cholesky
factor in a Cholesky decomposition of the variance-covariance matrix (Croissant, 2013).
Like the bounded alternative distribution, the correlated alternative distribution was also
readily available in software packages.

Of most interest are the estimated covariance hyperparameters4(Table 4.5). These indi-
cate that there is no significant correlation in preferences between reward amount and
location. However, there are significant negative correlations between location levels.
In this case, preferences for different attributes are uncorrelated, but preferences for at-
tributes within the same level are negatively correlated. In other words, an individual
who prefers one location tends not to prefer the other locations. This result is intuitive,
although we might expect some complementary location preferences if more location
levels were available in the experiment. However, the location levels presented in the
current application appear to be different enough to elicit preferences which view loca-
tion levels more as substitutes.

Table 4.5 also indicates that the fixed parameter and random parameter means are quite
similar to one another. The random parameter standard deviations cannot be directly
compared in Table 4.5 because estimated standard deviations are displayed for the uncor-
related normal, but estimated variances are displayed for the correlated normal. Instead,
we consider visualizations of both densities in Figure 4.4. We see that the estimated
standard deviations of the uncorrelated distribution tend to be smaller than that of the
correlated distribution, but only for the location level preferences. Taking into account
the uncertainty of the estimated standard deviations (Figure 4.5) indicates that the dif-
ference is likely to be significant for the workplace and church but not the community
center, owing to its large standard errors. Thus, the presence of significant correlations
between random parameters would seem to negatively bias standard deviation estimates
for the correlated random parameters.

4The covariance matrix hyperparameters were computed from the estimated Cholesky factor (as Σ =
C′C), and the standard errors and Z-tests for significance of the hyperparameters were approximated
using the delta method.



Yuan Yuan Chapter 4. Unobserved heterogeneity 109

Baseline Correlated

Fixed parameters
ASC −0.16 (0.10) −0.22 (0.11)
Mag.0 0.09 (0.11) 0.09 (0.11)
Form: gym / cash −0.14 (0.05)∗∗ −0.15 (0.05)∗∗

Form: medical / cash −0.19 (0.05)∗∗∗ −0.20 (0.05)∗∗∗

Form: debit / cash 0.14 (0.05)∗∗ 0.16 (0.05)∗∗

Condition: weight / attendance 0.08 (0.05) 0.10 (0.05)
Condition: compliance / attendance −0.05 (0.05) −0.06 (0.05)
Condition: attendance & compliance / attendance −0.12 (0.05)∗ −0.12 (0.05)∗

Frequency: weekly / once 0.15 (0.05)∗∗ 0.13 (0.06)∗

Frequency: monthly / once 0.00 (0.05) 0.01 (0.05)
Frequency: quarterly / once 0.05 (0.05) 0.04 (0.05)

Random parameter means
log(amount + 1) 0.35 (0.04)∗∗∗ 0.38 (0.04)∗∗∗

Location: workplace / clinic −0.22 (0.05)∗∗∗ −0.25 (0.06)∗∗∗

Location: community center / clinic 0.18 (0.04)∗∗∗ 0.18 (0.05)∗∗∗

Location: church / clinic −0.21 (0.05)∗∗∗ −0.24 (0.05)∗∗∗

Random parameter standard deviations
s.log(amount + 1) 0.57 (0.03)∗∗∗

s.Location: workplace / clinic 0.60 (0.10)∗∗∗

s.Location: community center / clinic 0.24 (0.18)
s.Location: church / clinic −0.65 (0.10)∗∗∗

Random parameter covariance matrix terms
amount.amount 0.36 (0.04)∗∗∗

amount.workplace 0.01 (0.05)
amount.community −0.02 (0.05)
amount.church 0.05 (0.05)
workplace.workplace 0.89 (0.25)∗∗∗

workplace.community −0.35 (0.12)∗∗

workplace.church −0.23 (0.12)∗

community.community 0.49 (0.16)∗∗

community.church −0.25 (0.13)
church.church 0.88 (0.21)∗∗∗

Log-likelihood −4454.83 −4435.63
N 4994.00 4994.00
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 4.5: Coefficient estimates for baseline model and correlated normal mixing distri-
bution.



Yuan Yuan Chapter 4. Unobserved heterogeneity 110

log(amount + 1)

Location: workplace / clinic

Location: community center / clinic

Location: church / clinic

0.0

0.5

1.0

1.5

0.0

0.5

1.0

1.5

0.0

0.5

1.0

1.5

0.0

0.5

1.0

1.5

−2 −1 0 1 2
Coefficient value

pd
f v

al
ue

distribution

uncorrelated

correlated

Figure 4.4: Density functions for estimated uncorrelated and correlated mixing distribu-
tions.
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Figure 4.5: 95% confidence intervals for estimates of the mean and standard deviation
of the uncorrelated and correlated mixing distributions.

Using a mixing distribution which permits correlation, we uncovered significant correla-
tion between random coefficients for levels with the same attribute, as well as evidence
of bias in the estimated standard deviation for those random coefficients affected by cor-
relation. However, correlation only captures linear dependence. Nonlinear dependence
may be present, but in practice, dependent random variables are generated using the
Cholesky decomposition of a covariance matrix. Possible approaches to assessing the
presence of higher order relations between random coefficients is using copulas to de-
scribe the dependence relation between parametric random coefficients, using a mixture
of distributions, or using a nonparametric discrete mixture distribution which directly
estimates the joint distribution and hence the dependence structure.

4.4.4 Asymmetrical alternative

The presence of asymmetry may have important policy implications for using mean es-
timates, since a long tail can skew the mean of distribution. The policy relevance of
asymmetry is related to the policy relevance of the discrete, nonparametric alternative
mixing distribution: in the latter case, we tried to reveal minority preferences. In the for-
mer case, we are trying to prevent minority preferences from skewing our understanding
of the majority preferences. The asymmetrical alternative distribution we use is the tri-
angular distribution, parameterized by three hyperparameters, the lower bound a, the
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upper bound b and the mode c (or equivalently, the left-hand spread s1, the right-hand
spread s2 and the mode c). Most empirical applications of the triangular distribution use
the symmetrical variant (in which c is fixed to c = a+b

2 ), but in its most general form, the
triangular distribution may have positive, zero or negative skew.

In addition to most empirical applications, most estimation routines of the triangular
distribution also implement only the symmetrical variant. Consequently, we again coded
our own simulated likelihood function (Train, 2009) and maximized it using the maxLik
package (Henningsen and Toomet, 2011). We again found it necessary to multistart the
routine to avoid being trapped in local maxima. We also implemented three methods for
simulating draws from the triangular distribution: the inverse cdf method, the method
proposed by Dekker (2014), and the method proposed by Stein and Keblis (2009).

Unfortunately, we found empirically identifying all random parameters difficult. Despite
using multiple starting values and methods for drawing from the triangular distribution,
we were unable to estimate a model in which more than one of the random parameters
was identified. The model with the highest likelihood value was one where the random
coefficient on reward amount was identified.

In Figure 4.6, we present the density functions of the estimated mixing distributions (see
section 6.H for table of coefficients). The lack of identification in the location parameters
is visually apparent. The estimated mixing distributions for the reward amount coeffi-
cient, however, overlap to a large extent. The estimated triangular distribution displays
a modest negative skew, which is in contrast to the LCL results. Under the LCL specifi-
cation, the reward amount pmf displayed a positive skew, with class 3 having a strong
positive preference for increasing reward amount unmatched by a strong negative pref-
erence from any of the other classes. Speculating which direction the skew should take
is difficult, since either argument is believable: 1) that individuals offended by a financial
reward for weight loss have strong negative preferences for increasing reward amount,
unmatched by equally strong positive preferences from those who are not offended, or
2) that the motivation some individuals feel for monetary rewards is stronger than the
distaste others feel for those some rewards.

However, when we take into account the standard error on the skewness of the reward
amount coefficient, we see that the negative skew is not significant (Figure 4.7). Con-
sidering the other central moments, we find that the mean of the triangular is similar to
the mean of the normal across all random coefficients. Thus, the identification problem
seems to affect the spread of the triangular distribution rather than the location. Accord-
ingly, the estimated triangular standard deviations are lower than the estimated standard
deviation for the normal mixing distribution across all random coefficients, including the
reward amount coefficient. This last observation is similar to the result we found when
comparing the uniform and normal mixing distributions; due to the bounded nature
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Figure 4.6: Density functions of normal and triangular mixing distributions.
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Figure 4.7: 95% confidence intervals for estimates of the mean, standard deviation and
skew of the normal and triangular mixing distributions.

of the triangular and uniform mixing distributions, they have lower estimated standard
deviations even when they appear to overlap the normal mixing distribution to a large
extent. The lack of identification in spread also affects the estimates of skew in the tri-
angular distribution; the standard errors or the skew estimates are very large and make
inference of the presence and directionality of skew difficult.

4.4.5 Bimodal alternative

When motivating the discrete, nonparametric mixing distribution, we argued for the
importance of identifying minority preferences. Although the latent class logit model
is one method for doing so, identifying mode location(s) is another approach which
can also do so. In contrast to the latent class logit model, multimodal mixing distri-
butions are more likely to identify the highest modes, representing [possibly] multiple
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‘mainstream’ preferences rather than revealing ‘extreme’ preferences. The multimodal
alternative distribution we use is the Johnson SB distribution, which can accommodate
either one or two modes. The Johnson SB is defined as a transformation of the standard
normal distribution (Johnson, 1949),

x = ξ + λ
exp( z−γ

δ )

1 + exp( z−γ
δ )

(4.6)

where x is the Johnson SB random variable, z is a standard normal random variable,
γ and δ are shape parameters representing the mean and standard deviation of the
underlying normal random variable, and ξ and λ are location and scale parameters,
respectively describing the minimum and the spread of the distribution support. The
relative values of the shape parameters γ and δ determine whether the distribution is
unimodal or bimodal5.

Although the Johnson SB is a relatively common alternative mixing distribution for the
mixed logit model, its availability in software packages was limited. As with the LCL
and the general triangular distribution, we coded our own likelihood function and used
the R package maxLik (Henningsen and Toomet, 2011) to maximize it. As usual, we mul-
tistarted the estimation routine6 and simulated the Johnson SB distribution as a transfor-
mation of the standard normal distribution.

As with the general triangular distribution, we found empirical identification to be an
practical obstacle. Applications of the Johnson SB distribution to the mixed logit model
frequently fix the location and scale parameters ξ and λ in order to improve identifi-
cation. However, in this case, identification remained elusive even after reducing the
number of free parameters.

Moreover, identification of bimodality under fixed location and scale may be especially
difficult because of the inflexibility of the bimodal Johnson SB shape. When bimodal,
the modes occur only at the boundaries of the distribution support. Under fixed loca-
tion and scale, the analyst would have to guess the locations of the modes in order to
ascertain their existence with model estimates. Thus, bimodality is ideally established
by simultaneously estimating all four hyperparameters.

Figure 4.8 presents the estimated density functions for the Johnson SB distribution, with
all four hyperparameters freely estimated (see section 6.I for table of coefficients). As
with the triangular distribution, the reward amount coefficient appears to be identified,

5Johnson and Kitchen (1971) give the specific condition for bimodality as |γ| < 1
δ

√
1− 2δ2 −

2δ tanh−1(
√

1− 2δ2).
6Starting values for the location and scale parameters ξ and λ where taken from the bounds of a

uniform mixed logit, estimated on random partitions of the data. Starting values for the shape parameters
γ and δ were drawn from a uniform distribution on [−2, 2] and [0, 2], respectively.
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Figure 4.8: Density functions for estimated Johnson SB and normal mixing distributions.
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with the Johnson SB density largely overlapping the normal density. Interestingly, the
Johnson SB distribution displays more pronounced negative skew than the triangular
distribution. The workplace coefficient is the only random parameter which suggests
evidence of bimodality.

We do not formally compare the moments of the estimated Johnson SB distributions to
the normal distribution. The moments are fairly complex to compute, and their partial
derivatives (for use in the delta method) even more so. Furthermore, Hess et al. (2005)
have pointed out that the performance of the Johnson SB estimating moments correctly
is highly dependent on the underlying true distribution; hence the moments may not be
reliable and a comparison with the normal moments may not be meaningful.

4.5 Nonparametric distributions

In section 4.4, we sought empirical evidence for each of the heterogeneity features iden-
tified in section 4.2. We found only weak evidence for multimodality and number of
modes, and for the most part, policy implications remained similar under mixing distri-
butions with unbounded and bounded support. However, strong evidence for correla-
tion between random parameters was found. Since correlation is only the simplest form
of dependence between random parameters, the question remains whether there exists
a more complex dependence structure.

Since the current state of the art cannot capture more complex dependence structures
using parametric mixing distributions, we turn to nonparametric mixing distributions7,
in particular the discrete nonparametric mixing distributions. In this section, we first
discuss the discrete nonparametric mixing distributions, then the continuous nonpara-
metric mixing distributions. Although the ability of the latter to capture dependence
between random parameters is limited, they are still useful for capturing combinations
of heterogeneity features not available under parametric mixing distributions. Although
our empirical illustration did not reveal the need for, e.g., capturing multimodality and
asymmetry simultaneously, such a situation may be possible in another case. Continu-
ous parametric mixing distributions can answer such a need.

7The term ‘nonparametric’ is used loosely here and elsewhere in the paper to mean any distribution
which is not strictly parametric, thus encompassing semiparametric and seminonparametric approaches
as well as fully nonparametric techniques.
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4.5.1 Discrete nonparametric distributions

The latent class logit model is a well-established example of a nonparametric mixing dis-
tribution which has found favour in multiple disciplines because it is intuitive and easy
to interpret. The latent class logit model is an example of a finite mixture model, in which
the mixing distribution is discrete and there are a finite number of support points. Thus,
the number of support points limits the richness of preference heterogeneity which can
be described by the latent class logit model. The more support points in the distribution,
the higher the resolution, so to speak, of the distribution, thus more clearly revealing
potential heterogeneity features such as symmetry and modality. In practice, the num-
ber of support points which can be estimated is relatively small since the number of
hyperparameters grows linearly with the number of support points specified, and esti-
mation issues are usually encountered when there are too many hyperparameters. As a
result, variants of the finite mixture theme have been introduced in order to increase the
number of support points which can be estimated. We first describe the original latent
class logit model and then describe the variants which have recently been introduced.

Latent class logit model

The latent class logit model can be described behaviourally as follows: suppose there are
S latent segments in the population. Within the segments, preferences are homogeneous,
but across segments, preferences may be heterogeneous. Following the random utility
framework, the probability that individual i will choose alternative j, conditional on
being a member of segment s, is

pij|s =
exp(β′sxij)

∑k exp(β′sxik)
(4.7)

The segments are unobservable (hence latent), and so an individual’s segment member-
ship is only known up to a probability. The unconditional probability that individual i
will choose alternative j is

pij = ∑
s

πs
exp(β′sxij)

∑k exp(β′sxik)
(4.8)

where πs is the probability that the individual belongs to segment s.

Econometrically, the latent class logit model can be described as a mixed logit model
with a finite mixing distribution. The class membership probabilities and class-specific
preference parameters are the probability masses and mass point locations, respectively,
of a probability mass function (pmf) describing the distribution of a discrete random
variable. This perspective is apparent when comparing Equation 4.1 to Equation 4.8; the
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former is a continuous mixture with an integral and the latter is a finite mixture with a
sum. This contrast is the reason the latent class logit model is seen as the discrete analog
of the typical random parameters logit model, which is specified with a continuous,
parametric distribution.

The flexibility of the latent class logit model grows with the number of classes. Since
the number of hyperparameters grows linearly with the number of classes, classes are
typically limited to less than a dozen. If the analyst specifies too many classes, then the
estimation will frequently fail to converge or experience other problems. Consequently,
variants on the latent class logit model which are more parsimoniously parameterized,
such as the mass point MXL and the fixed point MXL, have been introduced.

Mass point mixed logit model

The mass point MXL is essentially a reparameterization of the latent class logit model.
It was first introduced in Dong and Koppelman (2003) and later compared against other
mixing distributions in simulation studies and empirical applications (Hess et al., 2007;
Campbell et al., 2010; Dong and Koppelman, 2014). In this model, the number of support
points is parameter-specific. Let β denote the vector of random parameters and p the
index of the random parameter within the vector. Then the pth random parameter, βp,
has a parameter-specific number of marginal support points, which we denote by Mp.
Each marginal support point is associated with a probability mass πmp, where m indexes
the support point. In order to be proper probabilities, πmp must satisfy 0 ≤ πmp ≤ 1 and

∑
Mp
m=1 πmp = 1. Thus, the total number of possible joint support points is M ≡ ∏p Mp.

To ease notation, let m = 1, . . . , M index the joint support points. Let πm be the proba-
bility mass associated with each joint support point, acknowledging that πm is derived
as a product of the relevant marginal probabilities πmp across parameters p. Under this
model, the probability that individual i will choose alternative j is

pij = ∑
m

πm
exp(β′mxij)

∑k exp(β′mxik)
(4.9)

where βm is a vector corresponding to the mth joint mass point.

The distinction between the mass point MXL and the latent class logit model is subtle,
and lies entirely in how many support points can be specified with a given number
of hyperparameters. In the latent class logit model, the analyst specifies the number
of segments S, and each segment corresponds to a joint support point. Thus, there
are as many joint support points as there are segments. In the mixed point MXL, the
analyst specifies the number of marginal support points for each parameter Mp, and so
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the number of segments is equal to the product of the number of support points for
each parameter, ∏p Mp. Consequently, the same number of joint support points can
be specified using a different number of hyperparameters. For the latent class logit
model, each segment requires P location estimates and one probability mass estimate,
so S× P + S estimates are needed for S joint support points. For the mass point MXL,
only the location and probability mass of marginal support points need to be estimated,
so 2 ∑p Mp estimates yield ∏p Mp joint support points. Visually, joint support points
in the mass point MXL are defined on a P-dimensional lattice, whereas joint support
points in the latent class logit model can be defined anywhere in P-dimensional space;
the freedom gained comes at the cost of additional hyperparameters.

Fixed point mixed logit model

In the latent class logit model and mass point MXL, both the locations of and the proba-
bility masses at each support point are freely estimated. In this next model, the locations
of the support points are fixed, and only the probability mass at each point is estimated.
Accordingly, we term this model the fixed point MXL. The choice probability expression
is identical to Equation 4.8 and Equation 4.9, but the location of the support points βm
are now specified by the analyst rather than estimated.

The fixed point MXL was first introduced by Bajari et al. (2007), and compared against
other mixing distributions in simulation studies and empirical applications by Train
(2008) and Bastani and Weeks (2013). The chief benefit of the fixed point MXL compared
to the other discrete mixing distributions is the ability to estimate many more joint mass
points. Whereas latent class logit models and mass point MXL often fail to converge
or yield degenerate solutions8 when the number of support points is only a handful,
the fixed point MXL is fast and stable even when estimating probability masses for
hundreds of thousands support points (Train, 2008). However, the results are sensitive
to the analyst’s specification of the support point locations, and in particular the range of
the parameter space. In response to this weakness, Bastani and Weeks (2013) developed
some heuristics to address range selection.

Fixed mass mixed logit model

A natural corollary to the fixed point MXL is the fixed mass MXL, in which the probabil-
ities masses are fixed but the support points are estimated. Although this model has not
been introduced explicitly in the literature as an approach for estimating MXL mixing

8Solutions in which probability masses are close to zero for some segments or some segment locations
are very close together.
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distributions, Campbell et al. (2009) exploited the idea to detect ‘outlier’ preferences. In
their application, the probability masses were fixed at low values (e.g., 1%) in order to
identify the extreme ends of the distribution. This approach could clearly be extended
to estimate locations of many probabilities masses rather than just the extremes.

All these variants on the latent class logit model have similar properties. They all have
bounded support, since the number of support points is specified by the analyst and
therefore finite. They can accommodate multiple modes, asymmetry and arbitrary de-
pendence between random parameters because the joint distribution is directly esti-
mated. We will expand on this last point because it is less obvious than the other prop-
erties.

Each mixing distribution described above directly estimates the joint mixing distribu-
tion. As we have previously mentioned, estimating a parametric mixing distribution
involves estimating the marginal distribution of each dimension (e.g.the distribution of
an individual random coefficient) and then imposing a correlation structure among these
marginal distributions. In contrast, the discrete nonparametric mixing distributions di-
rectly estimate the joint mixing distribution, and the dependence structure is implicitly
estimated because it is a byproduct of the joint distribution (Provencher et al., 2002;
Provencher and Moore, 2006; Hess et al., 2011; Hess, 2014). Consequently, parametric
mixing distributions are limited to analyst-specified dependence structures (in practice,
correlation only), while the discrete nonparametric mixing distributions can reveal arbi-
trarily complex higher order relationships.

4.5.2 Continuous nonparametric distributions

The mass point MXL, fixed point MXL and fixed mass MXL arose in response to the
limited heterogeneity which traditional latent class logit models could capture. At the
same time, a separate branch of the literature reacted to the same problem in a different
way, by using continuous nonparametric mixing distributions rather than discrete ones.

Mixture of distributions mixed logit model

The most obvious approach for increasing the heterogeneity captured by the latent class
logit model is to extend it so that each segment has random rather than fixed taste pa-
rameters. This model has been called by different names, including random parameters
latent class logit model and latent class mixed multinomial logit model, which recognize
its origins with the latent class logit model (Bujosa et al., 2010; Campbell and Doherty,
2013; Greene and Hensher, 2013). However, the formulation is equivalent to specifying
the mixing distribution as a mixture of distributions itself (Dong and Koppelman, 2003;
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Train, 2008; Fosgerau and Hess, 2009; Campbell et al., 2010, 2014; Fosgerau, 2014). That
is,

F(β) = ∑
s

πsG(β; θs) (4.10)

where F(β) is the cdf of the MXL mixing distribution, and G(β; θs) are components of
a finite mixture with segment-specific hyperparameters. Setting the base distribution to
be normal, G(·) = Φ(·), is particularly appealing because any continuous distribution
can be approximated arbitrarily well by a finite mixture of normals. A further advantage
of using a mixture of distributions is the ability to accommodate point masses, since the
distribution within any given segment may become degenerate. Thus, the mixture of
distributions can represent both discrete and continuous types of heterogeneity. The
complexity of this model increases with the number of mixtures included, and most
applications use only two or three components.

Because the mixture of distributions MXL is a generalization of the latent class logit
model, it shares many of the same properties. For example, it can accommodate multiple
modes, with the number depending on the base distribution and number of mixture
components. It can also accommodate complex dependence structures, not only in the
same way that the latent class logit model can, but also by permitting full correlation
between random coefficients within each mixture component. Although doing so would
appear to rapidly increase the number of parameters to be estimated, perhaps beyond
what could be supported by many datasets, Train (2008) was successful in doing so in
his empirical application of the mixture of distributions model. The one property which
is different between the latent class logit model and the mixture of distributions MXL is
boundedness. Unlike the latent class logit model, the mixture of distributions MXL is
not necessarily bounded. The support of the mixture of distributions MXL depends on
what distributions are used as components of the mixture; if the normal is used, as is
always the case in practice, then the support will be unbounded.

In fact, the mixture of distributions model is an example of a sieve estimator, defined
as an estimator which approximates unknown functions with a series of basis functions.
In the case of the mixture of distributions MXL, the basis functions are the base distri-
bution of the mixture, such as the normal in a mixture of normals. The quality of the
approximation depends on the basis functions and the number of terms in the series. If
the basis function is a good approximation to the unknown function, then only a small
number of terms should be necessary (Fosgerau, 2014). The method of sieves has been a
popular approach for developing nonparametric MXL mixing distributions, and below
we describe other sieve estimators which have also been proposed.
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Sieve estimator with Legendre polynomials

Fosgerau and Bierlaire (2007) introduced a sieve estimator with Legendre polynomi-
als as the basis function. The series of Legendre polynomials seminonparametrically
approximate the derivative of a transformation function, rather than the mixing distri-
bution directly. To be more precise, let F(x) be the true cdf of the random coefficient and
G(x) be a base distribution which is selected a priori . Then the true cdf can be expressed
as a transformation of the base distribution:

F(x) = Q(G(x)) (4.11)

Since Q : [0, 1] → [0, 1] and monotonically increases, it satisfies the conditions to be a
cdf. Let q be the corresponding probability density function (pdf), which can be semi-
nonparametrically approximated as a series of Legendre polynomials

q(x) ≈ 1
K

(
1 +

N

∑
k=1

δkLk(x)

)2

(4.12)

where K is a normalizing constant to ensure that q(x) integrates to 1, N is the number
of Legendre polynomials used in the finite approximation, δk are unknown coefficients
to be estimated and Lk is the kth Legendre polynomial. The true distribution can then be
recovered as f (x) = q(G(x))g(x).

The base distribution G(x) serves two purposes: determining the support of the true
density and providing an initial guess for the true distribution F(x) (Bierens, 2008). If
the guess is right, F(x) = G(x), then the transformation Q(·) will be the cdf for the
uniform distribution. As with other sieve estimators, the more terms there are in the
series expansion, the more flexible the nonparametric mixing distribution is. In practice,
three or fewer terms are usually sufficient (Scarpa et al., 2008; Fosgerau and Hess, 2009).
Fosgerau and Bierlaire (2007) originally developed this approach as a test for the choice
of mixing distributions: the significance of the higher order terms indicates whether the
parametric base distribution is appropriately specified or not.

Sieve estimator with B-splines

Bastin et al. (2010) introduced a different sieve estimator with B-splines as the basis
functions. In this approach, the spline function approximates the inverse cdf of a ran-
dom coefficient, hence the domain is [0, 1]. The knot locations are fixed on [0, 1] by the
analyst and the coefficients on the basis functions are estimated. The spline function is
guaranteed to be nondecreasing (and hence a proper inverse cdf) if the coefficients on the
basis functions are also nondecreasing, a property which is achieved during estimation
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through constrained optimization. Using notation from Bastin et al. (2010), the spline
function which approximates the inverse cdf is expressed as

F−1
X (u) ≈ C(u) =

n

∑
i=0

πiNi,3(u) (4.13)

where n is the number of control points, πi are the control points, and Ni,3(u) are the
cubic B-spline basis functions which depend on the knots. In general, complexity in
spline functions is controlled by the number of knots and smoothness penalties (Ruppert
et al., 2003, p 75). In practice, this approach has difficulty recovering the tails of the
distribution, since spline functions are notoriously unreliable close to the boundaries of
the knot vectors (Cirillo and Hetrakul, 2010).

Like the mixture of distributions MXL, the support of the sieve estimator with Legendre
polynomials depends on the support of the base distribution used in the approximation.
In contrast, the sieve estimator with B-splines assumes a bounded distribution, where
the bounds are estimated from the data.

Besides boundedness, the two sieve estimators are alike in all other properties. They
can both accommodate asymmetry and multiple modes. For the sieve estimator with
Legendre polynomials, the number of modes is controlled by the length of the series
expansion. For the sieve estimator with B-splines, the number of modes is controlled by
the number of knots.

So far, neither sieve estimator can accommodate dependence between random parame-
ters. The sieve estimators with Legendre polynomials and B-splines have only been de-
veloped and used for the univariate case. That is, they only estimate the distribution of
each random parameter individually, implying mutual independence between random
parameters. In order for these sieve estimators to accommodate dependence between
random parameters, they would need to be extended to the multivariate case. Fosgerau
(2014) describes another extension to accommodate dependence, by combining sieve es-
timators with copulas. Copulas impose a parametric form on the dependence structure,
while the sieve estimator allows the marginal distributions to be arbitrary. However, the
number and flexibility of multivariate copulas, and hence the flexibility of this extension,
are limited.

4.5.3 Discrete or continuous?

Historically, the debate between continuous and discrete representations of heterogene-
ity has centred around the MXL with a parametric mixing distribution and the latent
class logit model. The argument against the continuous representation is that it is para-
metric and therefore subject to misspecification, whereas the argument against the dis-
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crete approach is that it is too restrictive because it assumes homogeneity within each
segment. Given the advanced mixing distributions which have been discussed in the
previous two sections, these arguments are clearly outdated. The sieve estimators with
distributions, Legendre polynomials and B-splines represent heterogeneity in a contin-
uous manner while avoiding strict parametric assumptions. The fixed point MXL esti-
mated on a fine grid of support points is a discrete representation which can capture
far more detailed heterogeneity than any analytical distribution can display. What re-
mains at the heart is the question: what is the true nature of heterogeneity, continuous
or discrete?

This question is, practically speaking, unanswerable. At the same time, there are other,
more relevant questions we could ask to determine whether to choose a continuous or
discrete representation of heterogeneity. In reflecting on this debate, Wedel and Ka-
makura (2000, p 329) have the following to say:

In applying models to segmentation, one should recognize that every model
is at best a workable approximation of reality. One cannot claim that segments
really exist or that the distributional form of unobserved heterogeneity is
known.

The more relevant question we should ask ourselves is: which is the more useful repre-
sentation, continuous or discrete? Wedel and Kamakura (2000) suggest that continuous
representations are suitable for individual level forecasting, while discrete representa-
tions are particularly useful for understanding the structure of heterogeneity in the pop-
ulation. Segmentation is a core concept in marketing, not because it is necessarily more
true than a continuous representation of heterogeneity, but because it has proven to
be useful over and over again: it is accessible, compelling and actionable to managers
and other end users of information resulting from marketing studies. On the other
hand, when applied economists wish to generate population-level welfare estimates to
be used in policymaking techniques such as cost-benefit analysis, segments are unneces-
sary, confusing and can lead to bias due to oversimplification from reducing a continuous
distribution to a discrete distribution with a finite number of support points. If, how-
ever, policymakers are interested in the composition of ‘winners’ and ‘losers’ of a policy
change, then segments once again become useful. To choose a continuous or a discrete
representation, analysts should identify which levels of aggregation are appropriate for
their context, research question and audience.

Continuous and discrete representations of heterogeneity can be complementary, each
enriching the insight which can be gained from the other. In one example, Hynes et al.
(2008) investigated preference heterogeneity among kayakers for whitewater sites in Ire-
land by estimating both a conventional MXL and a latent class logit model. With the con-
ventional MXL, they established the presence of heterogeneity in the sample. With the
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latent class logit model, they were able to match the latent classes revealed by the model
to specializations within the kayaking sport, with intuitive taste parameter estimates.
For managers of the whitewater sites, this type of information is useful because it allows
them to identify the mix of kayakers patronizing different sites and tailor responses
to their preferences. In another example, Arunotayanun and Polak (2011) investigated
mode choice heterogeneity among freight shippers. They used conventional MXL to es-
tablish the presence of heterogeneity even after the sample was split by commodity, the
standard practice in this context, revealing the inadequacy of this segmentation scheme.
They used the latent class logit model to identify alternative segments which were be-
haviourally driven instead, and systematically related them to shipper and shipment
characteristics, leading to a new segmentation scheme. These examples illustrate how
continuous and discrete mixing distributions can both be used to identify behaviourally
and policy relevant heterogeneity.

For completeness, we bring to the reader’s attention a nonparametric approach devel-
oped by Rouwendal et al. (2010) which does not rely on a statistical model and is not
fully identified, but rather seeks to identify individual-specific valuations for attribute
levels within a given dataset9.

4.6 Empirical illustration of a nonparametric mixing dis-
tribution

In this section we offer empirical illustrations of discrete and continuous nonparametric
mixing distributions.

9Rouwendal et al. (2010) introduces a method of locating individual-specific valuations of attributes by
viewing each choice as revealing an inequality in valuations between attribute levels. For concreteness,
we illustrate the core concept using a very simple example. Suppose that two bundles differ only in one
attribute. If a respondent chooses bundle A over B, then he must have a higher valuation for the attribute
level in bundle A than bundle B, thus revealing an inequality. Over the sequence of multiple choices, the
space spanned by the inequalities shrinks, and ideally, is exactly identified. In an empirical application
of the method, valuations were identified exactly in a few cases, and in most cases only bounds (which
may be very wide) were identified. Furthermore, many respondents chose inconsistently, so that the space
satisfying all inequalities was empty. Unlike the previously described approaches, this method avoids
approximation and attempts to discover the specific valuations of each respondent in the dataset. It is not
a statistical model which extends the valuations beyond the dataset at hand, and for most empirical cases
the valuations will not be fully identified.
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4.6.1 Discrete nonparametric mixing distribution

In section 4.2 we found strong empirical evidence for correlation between random pa-
rameters, which opens the question of whether the dependence structure is even more
complex than mere correlation. Now that section 4.5 has introduced discrete nonpara-
metric mixing distribution which can help answer that question, we can continue our
line of empirical illustrations with the latent class logit model. We have already dis-
cussed how the LCL can be seen as the discrete analog to the commonly encountered
mixed logit, with a continuous, parametric mixing distribution. Estimating the class-
specific coefficients and the class membership probabilities is essentially estimating the
location and mass of mass points in a pmf.

To maintain comparability with the previous alternative mixing distributions, only coef-
ficients on the amount and location attributes were allowed to vary across classes. The
other coefficients were constant across classes, resulting in a form of LCL sometimes
called the ‘equality constrained latent class’ model in the attribute non-attendance liter-
ature (e.g. Scarpa et al., 2009; Hensher et al., 2012; Collins et al., 2013).

In order to maintain the discrete analogy to the baseline model, we fix class member-
ship probabilities to be constant across individuals10. Thus, we estimate k − 1 param-
eters, where k is the number of latent classes. Rather than estimating the membership
probabilities directly, we estimate the parameters θc, which are used in a multinomial
membership model as follows

πc =
exp(θc)

∑k exp(θk)

where πc are the class membership probabilities. Estimating θc rather than the mem-
bership probabilities directly affords a computational advantage, because θc are uncon-
strained whereas the class membership probabilities must be proper probabilities.

Although the LCL is one of the most popular mixing distributions for the mixed logit
model, the available software for it is scarce. For maximum flexibility, particularly in
order to accommodate the ‘equality constrained’ nature of the LCL variation used in
this empirical illustration, we found it expedient to code our own likelihood function
and maximize it using the maxLik package (Henningsen and Toomet, 2011). We fur-
ther found that starting values greatly affected the solution, a point also mentioned by
Greene and Hensher (2003), so we used ten different starting values. The starting values
were determined by estimating conditional logit models on a random partitioning of the
dataset, as suggested by Train (2008).

10One advantage of the LCL is that it permits a class membership model, which can, for example, use
sociodemographic variables to inform class assignment. However, this empirical illustration uses only the
most basic class membership model.
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One of the most important aspects of the LCL specification is the number of latent
classes. This parameter is not estimated but rather user-specified. For many applica-
tions of the LCL, there is no theoretical guidance on the number of latent classes. Since
there are also no statistical tests available to select the number of classes, the practitioner
instead uses a combination of goodness-of-fit measures and individual discretion. Ta-
ble 4.6 presents goodness-of-fit measures for the LCL estimated under one to six classes.
The measures include the well-known information criteria AIC and BIC, as well as Mc-
Fadden’s pseudo R-squared, adjusted for degrees of freedom, and entropy (Morey et al.,
2006). The entropy statistic is bounded between 0 and 1, and a value closer to 1 indicates
that the model successfully differentiates individuals into latent classes. Note that a one-
class LCL is equivalent to a standard conditional logit model, and that the ‘infinite’-class
LCL refers to the baseline model.

Number of classes AIC BIC ρ̄2 Entropy

1 10260.52 10337.77 0.05

2 9052.70 9155.70 0.16 0.16

3 8947.54 9076.29 0.17 0.22

4 8887.46 9041.96 0.18 0.13

5 8845.68 9025.93 0.18 0.14

6 8873.50 9079.50 0.18 0.14

∞ 8947.67 9045.51 0.17

Table 4.6: Goodness-of-fit measures for the LCL under different numbers of classes.

According to three of the four goodness-of-fit measures, the LCL with five latent classes
has the best fit, even compared to the baseline model. Usually LCL models do not fit
as well as a continuous mixture, so this result can be seen as evidence for the appropri-
ateness of a discrete mixing distribution. On the basis of these goodness-of-fit measures
and the plausibility of five classes, we select the five-class LCL for further comparison to
the baseline model. Due to the number of estimates, the table of coefficient estimates is
presented in section 6.G.

Reassuringly, the modes under the estimated LCL pmf and the estimated baseline pdf
are very similar for each random parameter (Figure 4.9). However, the LCL pmf often
reveals preference masses in the tails of the normal mixing distribution, thus biasing
the mean and standard deviations of the LCL pmf with respect to the normal mixing
distribution. Revealing these masses in the tails has both advantages and disadvantages.
On the one hand, preferences not readily observable in the normal mixing distribution
were revealed. On the other hand, these masses bias summary statistics like means and
standard deviations. Thus, which mixing distribution is more appropriate depends on
the policy motivation; if ‘minority’ preferences are policy relevant, then the LCL may be
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classes to which they belong. The colours and numbers associated with the classes are
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more suitable. However, if the policy questions are primarily concerned with ‘average’
preferences across the whole population, then the normal mixing distribution may be a
better, less biased choice.

One interesting approach to interpreting the LCL results is considering preference pro-
files by class, a capability not available under the baseline model (Figure 4.10). Class 5

captures the most individuals, with the highest membership probability, and is associ-
ated with preferences which are not extreme, although there is a clear positive preference
for increasing reward amount. Classes 3 and 4 have the next highest membership proba-
bilities, and are similar to class 5 with respect to location preferences, but have markedly
different reward amount preferences. Class 4 has a negative preference for increasing
reward amount while class 3 has a strongly positive preference for increasing reward
amount. Classes 1 and 2, which have the lowest membership probabilities, have extreme
preferences across location levels, with class 1 strongly preferring the community center
over the workplace. Class 2, on the other hand, strongly prefers workplace and commu-
nity center over the church. Since class 1 has a strong negative preference for workplace,
we speculate that class 1 may consist of unemployed individuals11. The positive prefer-

11A speculation which could be checked by computing posterior class membership probabilities and
examining the characteristics of individuals who have a high posterior probability for belonging to class
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ence for reward amount in class 1 is, thus, not so surprising, while the class 2 negative
preference for increasing reward amount is more interesting.

This interpretation provides a richer picture of preferences than the baseline model in
the event that market segments are policy relevant. In this example, the LCL suggests
discrete market segments that could be targeted by obesity intervention providers. For
example, a community center-based program which offers a strong financial incentive
would attract classes 1 and 3, whereas a workplace-based program which offers a weak
financial incentive would attract classes 2 and 4.

Moreover, the dependence between taste coefficients revealed by the latent classes can-
not be captured by the normal mixing distribution, even if correlation were permitted.
By estimating the joint distribution directly, the LCL permits arbitrary complexity in the
dependence structure, including higher order relations beyond pairwise linear relations.
For example, consider classes 1 and 2. Class 1 displays a negative relation between pref-
erences for workplace and community center, while class 2 displays a positive relation
(since both workplace and community center are preferred over church). Under a sim-
ple correlation matrix structure, we might estimate a zero correlation between workplace
and community center due to the conflicting directions of these two classes. Moreover,
the negative relation between workplace and community center is associated with a neg-
ative preference for increasing reward amount, while the positive relation in class 2 is
associated with a positive preference for increasing reward.

Finally, we note that for three of the four random coefficients, the LCL pmf appears to be
asymmetric. For example, the strong positive preference of class 3 for increasing reward
amount is not matched by an equally strong negative preference. Similarly, the strongly
negative preference of class 2 for the church location is not matched by an equally strong
positive preference. However, the baseline mixing distribution is symmetric and cannot
reveal the presence of asymmetry.

4.6.2 Continuous nonparametric mixing distribution

Although the evidence for asymmetry and multimodality we found in section 4.4 was
weak, the weakness was due to lack of empirical identification. In this section we use
a continuous nonparametric mixing distribution, a mixture of normals mixing distribu-
tion, in order to seek further evidence for asymmetry and multimodality.

Due to the lack of available software (a common issue with the nonparametric mix-
ing distributions), we coded our own estimation routine based on the expectation-
maximization algorithm introduced by Train (2008). Unfortunately, Train’s EM algorithm

1.
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has not yet been adapted for cases where some parameters remain fixed, and so we re-
moved the fixed parameters from the model specification in this empirical illustration.
Thus, the only parameters present in the specification are reward amount and program
location. Although previous empirical applications of the EM algorithm for the mix-
ture of normals distribution converged quickly (Train, 2008), our empirical application
experienced very slow convergence and noisy log-likelihood paths over the iterations.
Under the vast majority of starting values, the estimation failed to converge within 100

iterations.

As with the latent class logit model, the number of components is an important user-
specified parameter. We estimated both two-component and three-component mixtures,
and Table 4.7 suggests that the two-component mixture is more appropriate than the
three-component mixture. However, the church coefficient displays very little hetero-
geneity compared to the baseline distribution (Figure 4.11), suggesting that this model
may also suffer from the same weak empirical identification found when estimating the
Johnson SB and triangular mixing distributions. Consequently we also display the results
from the three-component mixture, for which the variance of the coefficient distributions
are all comparable to their respective baseline distributions (Figure 4.12). Table 4.7 also
suggests that the baseline distribution is more appropriate than either of the alternative
distributions. While overfitting is a possibility in this case, with the mixture of normals
representing more complex heterogeneity than is actually present, the slow convergence
of the EM algorithm could also be a culprit. If the algorithm were ended too early, then
the optimal parameter estimates may not have been found.

Log-likelihood AIC BIC

One component −4454.833 8947.666 9071.47

Two components −4473.473 8990.945 9304.617

Three components −4469.097 9004.194 9474.702

Table 4.7: Goodness-of-fit statistics for mixture of normals distributions by number of
components.

We observe that the means of both the two- and three-component mixtures tend to
be shifted compared to the normal mixing distribution. This phenomenon may be at-
tributed to omitted variable bias, since the remaining attributes after reward amount
and program location were present in the baseline specification but not in the alternative
specification.

Both figures also breaks down the alternative distribution into its component normal
distributions (scaled by their shares). We can see that the components tend to vary
primarily in their amount of variance rather than the locations of their means. Thus, the
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higher variance component tends to thicken the tails of the overall mixture, while the
lower variance component provides the rest of the distribution shape.

This investigation revealed substantial evidence for asymmetry. In the case of a mix-
ture of two normals, asymmetry occurs whenever the means of the two locations do
not coincide. Thus, the relatively closely located means for the reward amount com-
ponent distributions leads to a relatively symmetrical distribution. However, when a
third component is brought into the mixture, asymmetry is much more evident. The
mean component locations are much further apart for the location coefficients than the
reward amount coefficient in the two-component mixture case, and consequently all the
location coefficient distributions are skewed. In contrast, the community center coef-
ficient distribution is relatively symmetrical in the three-component mixture, since the
two lower-share components balance each other.

The left skew of the workplace and church coefficients, evident in both the two- and
three-component mixtures, are not altogether surprising; if an individual is unemployed
or doesn’t attend church, then those program locations may arouse very negative pref-
erences because they would exclude the individual from participation. The left skew
in reward amount suggested by the three-component mixture lends support to the ex-
planation that individuals offended by a financial reward for weight loss have strong
negative preferences for increasing reward amount, unmatched by equally strong posi-
tive preferences from those who are not offended.

On the other hand, this investigation revealed no evidence for multimodality, supporting
the results found in section 4.4. Unlike asymmetry, multimodality requires not only
different mean locations, but also that the locations are far away enough, the variances
small enough, or the shares equal enough that local modes are distinct. Since these
conditions are not satisfied, a second or third distinct mode does not appear for any of
the coefficients.

4.7 Parametric or nonparametric?

In Table 4.8, we summarise the key properties of each mixing distribution which have
been discussed above. If flexibility and capturing as many features of heterogeneity as
possible were the main goals of the analyst, then the nonparametric mixing distributions
such as the fixed point and mixture of distributions MXL would be appropriate. How-
ever, more flexibility is not always better. Flexible mixing distributions may be overly
complex, suffering from weak identification, overfitting and difficulty of interpretation.
If the structure of the heterogeneity is simple, a simple mixing distribution would be
more parsimonious, efficient, robust and interpretable (Keane and Wasi, 2013).
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However, knowing whether heterogeneity is complex or simple prior to choosing a mix-
ing distribution is difficult. Flexible mixing distributions can play a role here, by acting
as a preliminary tool diagnosing which features of heterogeneity are present (Fosgerau
and Hess, 2009)12. For example, if multiple modes are identified, then the Johnson SB or
nonparametric mixing distributions may be indicated. If a point mass at zero is identi-
fied, but the rest of the distribution appears smooth, then a censored normal or a latent
class with fixed and random segments may be indicated. Campbell and Doherty (2013)
implemented the latter approach to investigate WTP for value-added services to chicken.
They hypothesized that some consumers would be indifferent to the value-added ser-
vices, while others would have non-zero preferences. They accommodated these types
by assigning each to a latent class: in one class, WTP was fixed to 0 for the former type
of consumer, and in the other, WTP was allowed to be random. This approach allowed
them to identify market niches, estimate demand responses to price premiums in those
niches, and describe demographics of those niches which could aid in marketing efforts.

Using ten datasets, Keane and Wasi (2013) compared some of the mixing distributions
described in this study, including the latent class logit model and the mixture of distri-
butions approach. Although the emphasis of their study was on finding models of best
fit, they found that the mixture of distributions model was superior to simpler mixing
distributions in its ability to accommodate complex heterogeneity, in which small sub-
populations of individuals have strong preferences for attributes to which most other
individuals are indifferent. However, the mixture of distributions model accommodated
these individuals by placing them into the tails of the component distributions. The
latent class logit model, on the other hand, distinguished these individuals and placed
them into their own segments. Even though the latent class logit model consistently
scored among the lowest in terms of log-likelihood, it provided insight into the structure
of heterogeneity hidden by other mixing distributions. Thus, more flexible distributions
do not always provide more insight.

Practical considerations may also affect the choice of mixing distribution. In particu-
lar, mixing distributions vary in how easy they are to estimate, due to differences in

12Flexible mixing distributions are not the only such preliminary tool. Hensher and Greene (2003)
propose an entirely different approach to ‘reveal’ the empirical distribution of heterogeneity. In this
approach, a series of ‘leave-one-out’ MNL models are estimated, with each individual in the dataset
‘left out’ a different MNL model. The difference between the parameter estimate under a leave-one-out
MNL model and under the pooled MNL model represents the individual’s contribution to the mean
parameter estimate. Considering all the differences from all of the leave-one-out MNL models presents
a picture of individual heterogeneity. As a different approach, Hess (2010) suggests using conditional
distributions (i.e., respondent-specific coefficient distributions, conditional on the respondents’ responses)
to form a picture of the empirical distribution. However, he cautions against simply using the means
of the conditional distributions, since doing so fails to take into account the heterogeneity around those
means, within each conditional distribution. Conceptually, this approach is similar to checking one’s prior
with the estimated posterior in a Bayesian analysis.



Yuan Yuan Chapter 4. Unobserved heterogeneity 138

empirical identifiability and available estimation strategies.

4.7.1 Estimation issues

Generally speaking, the more parameters a mixing distribution has, the more difficult
it may be to empirically identify. For example, the Johnson SB is a transformed normal
with four parameters: two represent the mean and variance of the underlying normal
and the other two represent the lower and upper bound of the distribution. Train and
Sonnier (2005) suggests that the bounds are difficult to identify because the difference
between them is closely related to the variance of the underlying normal. Consequently,
Rigby et al. (2009) imposed bounds instead of allowing them to be freely estimated, Cha-
lak et al. (2012) conducted a repetitive search for the bounds, and Cirillo and Hetrakul
(2010) could not always achieve convergence during model estimation. The Johnson SB
is not the only parametric mixing distribution to suffer from estimation issues: the log-
normal distribution occasionally does so as well (Hensher and Greene, 2003; Hess et al.,
2006).

The nonparametric mixing distributions also vary in terms of empirical identification,
but the degree to which they suffer does not seem to be closely related to the number
of parameters involved. The latent class logit model, which is relatively parsimonious
compared to, say, the fixed point MXL, often cannot be estimated beyond a handful of
latent classes, as mentioned earlier. The mixture of distributions approach suffers from
the same problem (e.g. Fosgerau and Hess, 2009), and few applications have attempted
estimating more than two components in this model. The sieve estimators with Legendre
polynomials and B-splines, on the other hand, have not presented analysts with any
convergence problems. Similarly, the virtue and motivating reason to consider the fixed
point MXL is its ability to remain fast and stable even under a huge number of points to
estimate (Train, 2008).

Another factor affecting ease of estimation is what strategies are available for each mix-
ing distribution. All of the continuous mixing distributions, parametric and nonpara-
metric, are estimated by maximum simulated likelihood estimation (MSLE). The dis-
crete mixing distributions, on the other hand, do not require simulation and can be
estimated directly via maximum likelihood. Avoiding simulation is desirable because
simulation increases computation time, introduces simulation bias, and requires a ‘suffi-
cient’ number of draws in order to produce stable estimates. Unfortunately, determining
this number is primarily an empirical matter (Hensher and Greene, 2003).

Train (2008) suggested using the expectation-maximization (EM) algorithm to avoid nu-
merical problems which may be encountered during maximum likelihood estimation
of models with a large number of parameters (i.e., as typically found in nonparamet-
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ric mixing distributions). He developed and illustrated the EM algorithm for several
nonparametric mixing distributions, including the latent class logit model, the mixture
of distributions (normals) MXL and the fixed point MXL. However, in a comparison
of MSLE, the EM algorithm, and one other estimation strategy, Cherchi and Guevara
(2012) found that as long as sample sizes were sufficient, MSLE outperformed the EM
algorithm with respect to estimation time and estimation error. At the same time, as
expected, MSLE suffered from weak empirical identification with insufficient sample
sizes, while the EM algorithm was more robust to this issue. Other applications of the
EM algorithm in the literature are limited, although Bastani and Weeks (2013) used it to
estimate a fixed point MXL and latent class logit model, and Pacifico (2013) used it to
estimate a latent class logit model. Neither study reported problems with using the EM
algorithm.

4.8 Conclusion

In this study, we have described an extensive list of options for the choice of mixing
distribution in a mixed logit model. Our descriptions focused on the theoretical ability of
the distributions to describe heterogeneity features such as boundedness, multimodality,
asymmetry and dependence between random parameters (summarised in Table 4.8), as
well as discussing practical considerations such as estimation issues and the importance
of the policy context in determining relevant heterogeneity features.

Each mixing distribution differs in its theoretical properties, practical considerations and
policy context. The commonly proposed parametric mixing distributions typically have
relatively inflexible theoretical properties, but can be easier to estimate and interpret. In
many policy contexts, the additional flexibility in theoretical properties is unnecessary,
because the policy relevant questions are at a high level, and the detailed features of
the preference heterogeneity present do not affect the policy implications and may only
complicate matters.

However, when the policy context calls for detailed consideration of the preference het-
erogeneity features, nonparametric mixing distributions which are more flexible than the
parametric mixing distributions may be appropriate. When market segments are policy
relevant, the latent class logit model can yield rich insights into minority preferences
which would be glossed over in less flexible distributions, especially with respect to ar-
bitrarily complex dependence structures. At the same time, population-wide conclusions
based on the latent class logit model may give too much weight to the minority prefer-
ences. Moreover, in practice, the complexity of the latent class logit model is strongly
limited by estimation issues which arise when too many latent classes are specified. This
limitation has given rise to a number of variations on the latent class logit model, which
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also estimate a pmf for the mixing distribution. However, the way in which they pa-
rameterize the support points is different, and so fewer hyperparameters are necessary
to estimate the same number of support points. One weakness common to all the dis-
crete nonparametric mixing distributions is the large extent to which results depend on
analyst-specified tuning parameters, such as number and range of support points.

The continuous nonparametric mixing distributions are more forgiving, with results
fairly robust to tuning parameters such as number and choice of basis function. These
mixing distributions are all sieve estimators, which approximate unknown functions
with a series of basis functions. They can also be more parsimonious than the discrete
nonparametric mixing distributions in terms of numbers of estimated hyperparameters,
while still maintaining a high degree of flexibility. Their chief weakness is their inabil-
ity, at present, to accommodate dependence between random coefficients. The discrete
nonparametric mixing distributions, in contrast, directly estimate the joint mixing distri-
bution, and dependence between random coefficients is revealed as a by-product.

In our empirical comparison of the baseline mixing distribution, a multivariate normal
with mutually independent random parameters, and alternative distributions which re-
lax the theoretical properties of the baseline distribution, we found the biggest differ-
ences were in dependence structure. When we compared the baseline distribution with
a correlated normal mixing distribution, we found significant correlation between dif-
ferent levels within the same attribute. Furthermore, when we compared the baseline
distribution with the latent class logit model, we found evidence of dependence rela-
tionships which were more complex than the pairwise, linear relationships modelled by
the correlated normal. The market segments identified by the latent class logit model
suggested different designs to attract different segments.

In contrast, our empirical comparison of the baseline distribution with a bounded al-
ternative, the uniform distribution, did not reveal substantial differences in policy im-
plication. Although technically there were significant differences in standard deviation
between the baseline and uniform distributions, these differences did not have much
effect on the policy implications. The amount of the normal density found outside of the
uniform density was modest, and evenly distributed between the upper and lower tails.
This even distribution can be attributed to the symmetrical nature of both distributions
and the similarity in their locations. Consequently, considering only a specific portion of
the distribution, such as the negative preferences, again showed very small differences
between the baseline and alternative distributions. Thus, unless the extreme values of
the distribution (e.g., top or bottom 1%) are policy relevant, there is little difference in
policy implications between unbounded and bounded distributions.

Our other empirical comparisons with alternative parametric mixing distributions were
less revealing, in part due to weak empirical identification. However, we were able
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to find more conclusive evidence for asymmetry by using a continuous nonparametric
distribution, the mixture of normals mixing distribution. We found skew in the work-
place and church coefficients, which could be explained by the exclusive nature of those
venues for individuals who are unemployed and do not attend church. We also found
some evidence of negative skew in the reward amount coefficient in the three-component
mixture, the Johnson SB and the triangular distribution.

We found essentially no evidence for multimodality in any of the coefficient distribu-
tions. Although the Johnson SB distribution. The Johnson SB distribution suggested
that the reward amount coefficient was unimodal, but its inflexibility in representing
bimodal distributions (U-shape only) may have made identifying bimodality or multi-
modality difficult. Using, instead, the mixture of normals distribution, we found no
evidence of multimodality.

The weak empirical identification we experienced suggest more robust implementations
of maximum simulated likelihood routines for the triangular and Johnson SB distribu-
tions are called for. The algorithmic implementation of the maximum simulated like-
lihood approach for uncommon mixing distributions is a weakness of our study and
potential future direction for future study. In general, the lack of readily available soft-
ware to estimate mixed logit models with alternative mixing distributions is an obstacle
to increasing the adoption of these distributions. Thus, robust, fast, and user-friendly
implementations of alternative mixing distributions are much needed.

When analysts have a choice of which heterogeneity features to model, it makes sense
to start with a more flexible mixing distribution and then simplify as features are seen
to be absent. Although we discussed this role flexible mixing distributions could play
in section 4.7, doing so is not yet common practice. Future work could focus on this
role, establishing which of the flexible distributions are most appropriate for aiding the
specification search.

The importance of dependence structure, particularly moving beyond correlation into
higher-order relationships, suggests that approaches for capturing these relationships
is an important future direction for theoretical study. Given the large amount of data
needed to estimate the joint pmf directly in nonparametric discrete mixing distributions,
approaches which are elegant and parsimonious could be complementary to the existing
techniques for detecting complex dependence structure. However, given the limitations
of the copula approach and the difficulty with estimating highly multidimensional non-
parametric surfaces, this direction appears to be quite challenging.
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Chapter 5

Conclusion

This dissertation considered different forms of preference heterogeneity in discrete choice
models through three essays on a case study in financial incentives for weight loss pro-
grams. The first essay used a model with conditional heterogeneity to target demograph-
ics vulnerable to overweight and obesity or understudied in the weight loss literature.
The second essay investigated the ability of a polytomous attendance scale to elicit more
reliable self-reports of attribute attendance behaviour, specific case of decision strategy
heterogeneity. The third essay explored available mixing distributions to model features
of unobserved heterogeneity such as boundedness, modality, symmetry and dependence
between random coefficients.

The first essay modelled preference heterogeneity conditional on observed demograph-
ics, so that demographic-specific preferences were revealed. These demographic-specific
preferences were then used to identify financial incentive designs which would be most
attractive to target demographics vulnerable to overweight and obesity or understudied
in the weight loss literature. We found three main policy implications, 1) customizing
the incentive design can enhance participation, 2) large reward amounts can actually be
counterproductive to participation and closing health disparities, and 3) a better strat-
egy for increasing participation is to offer multiple programs with different incentive
designs. The first implication follows from the preference heterogeneity across demo-
graphic groups, which implies that the groups are differentiated in their preferences.
Hence, custom programs can be designed to match each preference profile. The sec-
ond implication follows from the existence of a segment of the population which has a
negative response to increasing reward amount, a preference particularly prevalent in
the African American subpopulation. In this case, more is not better, because a higher
reward amount alienates individuals in an target demographic group, thereby failing to
reduce health disparities. The third implication follows from the preference heterogene-
ity both across and within demographic groups. To attract more target demographic
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groups and more individuals within each demographic, the offered programs could be
made heterogeneous to match the preference heterogeneity evident. The diminishing
marginal returns in participation when offering more programs suggest that offering
two programs affords the greatest return on participation.

For the analyst, future work could focus on gaining a more nuanced understanding of
1) preferences by demographic group, 2) the negative response to reward amount and 3)
program location. For the first direction, in the current analysis, demographic groups are
not mutually exclusive. Although the obese group and African American group have, in
some senses, ‘opposite’ preferences, there may actually be considerable overlap between
the two groups. Separating out preference heterogeneity by weight status and demo-
graphic group (as well as comparing low-income women to higher income women, for
example), could provide a more nuanced understanding of preferences by demographic
group. For the second direction, previous literature on repugnance in economic trans-
actions has shown that such transactions can be conducted with more acceptance under
certain conditions. Since the negative response to reward amount is counterproductive
to the policy goal of enhancing participation, future work could focus understanding the
basis for the negative response and strategies for ameliorating it, such as the moderating
influence payment form could have on reward amount. For the third direction, program
location

For the practitioner, future work could examine alternate approaches to increasing par-
ticipation and representativeness, instead of or in addition to financial incentives. For
example, different intervention modalities, such as Internet delivery, could increase par-
ticipation by affording greater convenience. The result that program location is one of
the most attributes suggests that a different modality which enhances attractiveness in
terms of location could result in considerable gains.

The first essay found that reward amount and program location were by far the most
important attributes to respondents, and that reward frequency was the least important
attribute to most respondents. Since some of the attributes were less important than
others, these findings suggest the possibility for attribute non-attendance. The second
essay explored that possibility using polytomous attendance scales.

The second essay modelled decision strategy heterogeneity conditional on self-reported
attendance behaviour. Self-reported attendance behaviour had been found to be unre-
liable in previous studies, but this study used a more flexible, polytomous attendance
scale which had the potential to address the sources of unreliability. The main impli-
cation of this essay is that the nature of information revealed by attribute attendance
statements is still unclear, in spite of using a polytomous attendance scales. This im-
plication follows from the finding that few coefficients accorded well with theoretical
expectations, such as significant differences between attendance levels and greater sensi-
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tivity with higher attendance levels for preferred attribute levels. Inconsistency was also
found when comparing to inferred attendance, with many more dissimilar classifications
of attendance state than similar classifications. However, we did find evidence that the
lowest two points on the polytomous attendance scale came closest to the assumption of
zero marginal utility usually associated with attribute non-attendance.

For the analyst, future work could focus on measuring attribute attendance behaviour
using alternate approaches which focus on behaviours which are less than fully con-
scious (e.g., eye tracking). However, the attendance information revealed by conscious
and subconscious/unconscious methods may be complementary rather than redundant,
suggesting further work in understanding what type of information is revealed by ex-
plicit attendance statements, if it is not zero marginal utility as previously expected.

For the practitioner, the recommendation is to be aware of the potential for attribute non-
attendance, and assess it on a case-by-case basis considering the policy context. In this
case of financial incentives for weight loss programs, there is a similar level of potential
compared to many choice experiments, in which the choice task is unfamiliar because the
participants have rarely or never considered the choice at hand. However, the low levels
of stated non-attendance and the mixed results from including attendance information
suggest that the policy implications from the first essay are not substantively impacted
by attribute non-attendance, in spite of the potential for biased estimates.

In the first two essays, we used observable markers of heterogeneity such as demo-
graphic variables and attendance statements in order to model heterogeneity. However,
there will always be some amount of heterogeneity left that does not have any other
explanation. The third essay focused on this last part of heterogeneity, unobserved het-
erogeneity, through the selection of mixing distributions for the mixed logit model.

The third essay recommended selecting mixing distributions on the basis of heterogene-
ity features which are relevant to policy and theory, such as range of the support, number
of modes, symmetry and dependence between random parameters. The essay then de-
scribed parametric, discrete nonparametric and continuous nonparametric distributions
in terms of which heterogeneity features each could capture. The main implication of
this discussion is that the choice of a mixing distribution involves trade-offs between
flexibility and stability. Parametric distributions are elegant and stable in estimation, but
their very simplicity results in strong restrictions on the heterogeneity features which
can be captured. Discrete nonparametric distributions are more flexible in their abil-
ity to capture many of the heterogeneity features discussed, but can be highly unstable
in estimation. Continuous nonparametric distributions represent a compromise between
parametric and discrete nonparametric mixing distributions, providing greater flexibility
with fewer hyperparameters, but their ability to capture complex dependence between
random parameters is limited. These findings suggest that future work for analysts
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could be to improve the stability and tuning parameter selection for discrete nonpara-
metric distributions and develop multivariate approaches for continuous nonparametric
distributions.

The third essay also illustrated the discussed heterogeneity features empirically using
a selection of parametric and nonparametric mixing distributions. We found that a
bounded support did not substantially change the policy implications as compared to
an unbounded support. We also found strong evidence for correlation between random
parameters, and some evidence for more complex dependence relations as well as the
presence of asymmetry. We did not find any evidence for multiple modes. Some alterna-
tive distributions were subject to weak empirical identification, suggesting two paths for
future work: 1) overfitting and 2) software. Empirical identification could be weak due
to overfitting, which would occur if there is insufficient heterogeneity in the taste param-
eters. However, the significant heterogeneity we found in most taste parameters under
the baseline mixing distribution suggests that the amount of heterogeneity is adequate,
and so what is lacking may be the complexity of the heterogeneity structure. Future
work could address the trade-off between useful evidence and overly complex repre-
sentations of heterogeneity. Poor implementation of the estimation algorithm could also
be responsible for weak empirical identification. Software for alternative mixing dis-
tributions is not widely available, and this lack can be a serious obstacle to using the
appropriate mixing distribution. Thus, making stable and fast algorithms for a number
of mixing distributions more widely available is another path for future work.

It is interesting to contrast the first and third essays. In the first essay, the structure
of preference heterogeneity is imposed externally, using observed demographics. In
the third essay, the structure of preference heterogeneity is revealed internally, since
the heterogeneity is driven by choice behaviour rather than a covariate. The first essay
examined relative preference strength across taste parameters, while the third essay ex-
amined relative preference strength within each taste parameter. Thus, the results from
the two essays are not directly comparable although they both consider preference het-
erogeneity. What would tie the results from the two essays together is a broader theory
of heterogeneity, as described by Wedel et al. (1999).

However, in the absence of such a theory, what drives the specification of heterogene-
ity is rather policy goal. In the first essay, the policy goal was to target demographic
groups which have been identified as being vulnerable to overweight and obesity or un-
derstudied in the financial incentives for weight loss literature. Hence, the heterogeneity
was structured in terms of those target demographic groups. The third essay consid-
ered other policy needs which could be answered by different heterogeneity features.
To highlight the difference, consider the concept of minority preferences. The first essay
was concerned with minority preferences: each of the target demographic groups was
a minority of the national population. However, the ‘minority’ in this case was defined
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externally. The third essay also identified minority preferences, using the latent class
logit model. However, in this case ‘minority’ was internally defined, because it was
revealed by choice behaviour. This approach could answer the policy goal of reaching
the most participants in the national population, by catering to the majority preferences.
This goal is in contrast to the first essay’s goal, which was to reach participants in a
priori defined groups. It is important to note that the two minorities may not consist
of the same individuals at all. To identify individuals in the internally defined minori-
ties, it would be necessary to conduct post-estimation analysis, such as computing the
respondent-specific conditional coefficient distributions.

The broader theory of heterogeneity is also needed to ensure that unobserved hetero-
geneity represents taste variation and not other omitted structures. Modelling unob-
served heterogeneity without taking into account any other forms of preference hetero-
geneity can be misleading because the hyperparameters describing unobserved hetero-
geneity tend to absorb any specification errors such as additional forms of heterogeneity
(Provencher and Bishop, 2004; Amador et al., 2008). Thus it is not always clear whether
the heterogeneity seen in model estimates is true taste variation or some other type of
heterogeneity. For analysts, future work could be in the direction of developing such a
broad theory. Practitioners can contribute to this direction by conducting more empirical
applications, adding to a body of work which could result in empirical generalizations
as called for by Wedel et al. (1999).
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Chapter 6

Appendices

6.A Primary conditional logit model estimates

Coefficient estimates

ASC.SQ −0.32 (0.15)∗

‘log(Mag + 1)‘ 0.21 (0.06)∗∗∗

Mag.0 0.06 (0.16)
LocationWorkplace −0.10 (0.07)
LocationCommunity center 0.19 (0.07)∗∗

LocationChurch −0.25 (0.07)∗∗∗

Typegym −0.00 (0.08)
Typemedical −0.20 (0.07)∗∗

Typedebit 0.27 (0.07)∗∗∗

Contingentweight 0.02 (0.08)
Contingentcompliance −0.05 (0.08)
Contingentatt.comp −0.07 (0.08)
Nrewardsweekly 0.09 (0.08)
Nrewardsmonthly 0.02 (0.08)
Nrewardsquarterly 0.07 (0.07)
‘race.ethnicity1:Mag.0‘ 0.08 (0.16)
‘race.ethnicity2:Mag.0‘ 0.14 (0.16)
‘race.ethnicity3:Mag.0‘ −0.09 (0.27)
‘femaleTRUE:Mag.0‘ −0.09 (0.09)
‘income1:Mag.0‘ 0.28 (0.21)
‘income2:Mag.0‘ −0.15 (0.15)
‘income3:Mag.0‘ −0.35 (0.15)∗
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Coefficient estimates

‘employedTRUE:Mag.0‘ −0.02 (0.09)
‘education1:Mag.0‘ 0.28 (0.13)∗

‘education2:Mag.0‘ 0.11 (0.12)
‘bmi.status1:Mag.0‘ 0.09 (0.22)
‘bmi.status2:Mag.0‘ 0.09 (0.14)
‘race.ethnicity1:log(Mag + 1)‘ 0.01 (0.06)
‘race.ethnicity2:log(Mag + 1)‘ −0.09 (0.06)
‘race.ethnicity3:log(Mag + 1)‘ 0.09 (0.10)
‘femaleTRUE:log(Mag + 1)‘ 0.00 (0.03)
‘income1:log(Mag + 1)‘ −0.08 (0.07)
‘income2:log(Mag + 1)‘ 0.10 (0.05)
‘income3:log(Mag + 1)‘ 0.07 (0.05)
‘employedTRUE:log(Mag + 1)‘ −0.05 (0.03)
‘education1:log(Mag + 1)‘ −0.14 (0.05)∗∗

‘education2:log(Mag + 1)‘ −0.02 (0.04)
‘bmi.status1:log(Mag + 1)‘ −0.10 (0.08)
‘bmi.status2:log(Mag + 1)‘ −0.03 (0.05)
‘race.ethnicity1:LocationWorkplace‘ 0.06 (0.07)
‘race.ethnicity2:LocationWorkplace‘ −0.08 (0.07)
‘race.ethnicity3:LocationWorkplace‘ 0.03 (0.11)
‘race.ethnicity1:LocationCommunity center‘ −0.10 (0.07)
‘race.ethnicity2:LocationCommunity center‘ −0.01 (0.07)
‘race.ethnicity3:LocationCommunity center‘ 0.10 (0.11)
‘race.ethnicity1:LocationChurch‘ 0.12 (0.07)
‘race.ethnicity2:LocationChurch‘ 0.02 (0.07)
‘race.ethnicity3:LocationChurch‘ −0.18 (0.12)
‘femaleTRUE:LocationWorkplace‘ −0.01 (0.04)
‘femaleTRUE:LocationCommunity center‘ 0.04 (0.04)
‘femaleTRUE:LocationChurch‘ −0.11 (0.04)∗

‘income1:LocationWorkplace‘ −0.17 (0.10)
‘income2:LocationWorkplace‘ −0.07 (0.07)
‘income3:LocationWorkplace‘ 0.08 (0.07)
‘income1:LocationCommunity center‘ 0.04 (0.09)
‘income2:LocationCommunity center‘ 0.04 (0.07)
‘income3:LocationCommunity center‘ 0.04 (0.07)
‘income1:LocationChurch‘ 0.05 (0.09)
‘income2:LocationChurch‘ 0.06 (0.07)
‘income3:LocationChurch‘ −0.05 (0.07)
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Coefficient estimates

‘employedTRUE:LocationWorkplace‘ −0.25 (0.04)∗∗∗

‘employedTRUE:LocationCommunity center‘ 0.08 (0.04)
‘employedTRUE:LocationChurch‘ 0.10 (0.04)∗

‘education1:LocationWorkplace‘ 0.12 (0.06)
‘education2:LocationWorkplace‘ −0.11 (0.05)
‘education1:LocationCommunity center‘ −0.12 (0.06)∗

‘education2:LocationCommunity center‘ 0.14 (0.05)∗∗

‘education1:LocationChurch‘ 0.03 (0.06)
‘education2:LocationChurch‘ −0.04 (0.05)
‘bmi.status1:LocationWorkplace‘ 0.21 (0.10)∗

‘bmi.status2:LocationWorkplace‘ −0.07 (0.07)
‘bmi.status1:LocationCommunity center‘ 0.08 (0.10)
‘bmi.status2:LocationCommunity center‘ −0.02 (0.06)
‘bmi.status1:LocationChurch‘ −0.15 (0.10)
‘bmi.status2:LocationChurch‘ 0.10 (0.07)
‘race.ethnicity1:Typegym‘ −0.10 (0.08)
‘race.ethnicity2:Typegym‘ 0.14 (0.08)
‘race.ethnicity3:Typegym‘ 0.10 (0.12)
‘race.ethnicity1:Typemedical‘ 0.05 (0.07)
‘race.ethnicity2:Typemedical‘ 0.01 (0.08)
‘race.ethnicity3:Typemedical‘ −0.05 (0.12)
‘race.ethnicity1:Typedebit‘ 0.03 (0.07)
‘race.ethnicity2:Typedebit‘ −0.16 (0.07)∗

‘race.ethnicity3:Typedebit‘ 0.06 (0.12)
‘femaleTRUE:Typegym‘ −0.07 (0.05)
‘femaleTRUE:Typemedical‘ 0.04 (0.04)
‘femaleTRUE:Typedebit‘ 0.07 (0.04)
‘income1:Typegym‘ −0.10 (0.10)
‘income2:Typegym‘ −0.16 (0.07)∗

‘income3:Typegym‘ −0.04 (0.07)
‘income1:Typemedical‘ −0.01 (0.10)
‘income2:Typemedical‘ 0.07 (0.07)
‘income3:Typemedical‘ −0.02 (0.07)
‘income1:Typedebit‘ −0.00 (0.10)
‘income2:Typedebit‘ −0.00 (0.07)
‘income3:Typedebit‘ 0.05 (0.07)
‘employedTRUE:Typegym‘ 0.07 (0.05)
‘employedTRUE:Typemedical‘ −0.02 (0.04)
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Coefficient estimates

‘employedTRUE:Typedebit‘ −0.05 (0.04)
‘education1:Typegym‘ 0.15 (0.07)∗

‘education2:Typegym‘ −0.01 (0.06)
‘education1:Typemedical‘ −0.11 (0.06)
‘education2:Typemedical‘ 0.11 (0.06)
‘education1:Typedebit‘ 0.07 (0.06)
‘education2:Typedebit‘ −0.01 (0.06)
‘bmi.status1:Typegym‘ 0.04 (0.11)
‘bmi.status2:Typegym‘ −0.02 (0.07)
‘bmi.status1:Typemedical‘ −0.03 (0.11)
‘bmi.status2:Typemedical‘ −0.01 (0.07)
‘bmi.status1:Typedebit‘ 0.16 (0.11)
‘bmi.status2:Typedebit‘ 0.00 (0.07)
‘race.ethnicity1:Contingentweight‘ 0.03 (0.07)
‘race.ethnicity2:Contingentweight‘ 0.14 (0.08)
‘race.ethnicity3:Contingentweight‘ −0.19 (0.13)
‘race.ethnicity1:Contingentcompliance‘ −0.04 (0.07)
‘race.ethnicity2:Contingentcompliance‘ −0.05 (0.08)
‘race.ethnicity3:Contingentcompliance‘ 0.06 (0.12)
‘race.ethnicity1:Contingentatt.comp‘ −0.10 (0.07)
‘race.ethnicity2:Contingentatt.comp‘ −0.07 (0.07)
‘race.ethnicity3:Contingentatt.comp‘ −0.03 (0.11)
‘femaleTRUE:Contingentweight‘ 0.07 (0.05)
‘femaleTRUE:Contingentcompliance‘ 0.08 (0.04)
‘femaleTRUE:Contingentatt.comp‘ −0.13 (0.04)∗∗

‘income1:Contingentweight‘ 0.06 (0.10)
‘income2:Contingentweight‘ 0.02 (0.07)
‘income3:Contingentweight‘ −0.05 (0.07)
‘income1:Contingentcompliance‘ 0.25 (0.10)∗∗

‘income2:Contingentcompliance‘ 0.11 (0.07)
‘income3:Contingentcompliance‘ −0.05 (0.07)
‘income1:Contingentatt.comp‘ −0.17 (0.09)
‘income2:Contingentatt.comp‘ −0.05 (0.07)
‘income3:Contingentatt.comp‘ 0.03 (0.07)
‘employedTRUE:Contingentweight‘ −0.12 (0.05)∗∗

‘employedTRUE:Contingentcompliance‘ 0.05 (0.04)
‘employedTRUE:Contingentatt.comp‘ 0.05 (0.04)
‘education1:Contingentweight‘ 0.11 (0.06)



Yuan Yuan Chapter 5. Conclusion 160

Coefficient estimates

‘education2:Contingentweight‘ −0.04 (0.06)
‘education1:Contingentcompliance‘ −0.09 (0.06)
‘education2:Contingentcompliance‘ −0.06 (0.06)
‘education1:Contingentatt.comp‘ 0.06 (0.06)
‘education2:Contingentatt.comp‘ 0.06 (0.06)
‘bmi.status1:Contingentweight‘ −0.05 (0.11)
‘bmi.status2:Contingentweight‘ 0.02 (0.07)
‘bmi.status1:Contingentcompliance‘ 0.02 (0.11)
‘bmi.status2:Contingentcompliance‘ −0.03 (0.07)
‘bmi.status1:Contingentatt.comp‘ −0.05 (0.12)
‘bmi.status2:Contingentatt.comp‘ 0.03 (0.07)
‘race.ethnicity1:Nrewardsweekly‘ −0.01 (0.08)
‘race.ethnicity2:Nrewardsweekly‘ −0.05 (0.08)
‘race.ethnicity3:Nrewardsweekly‘ 0.20 (0.13)
‘race.ethnicity1:Nrewardsmonthly‘ −0.03 (0.07)
‘race.ethnicity2:Nrewardsmonthly‘ −0.05 (0.08)
‘race.ethnicity3:Nrewardsmonthly‘ −0.02 (0.12)
‘race.ethnicity1:Nrewardsquarterly‘ 0.01 (0.07)
‘race.ethnicity2:Nrewardsquarterly‘ −0.03 (0.08)
‘race.ethnicity3:Nrewardsquarterly‘ 0.08 (0.12)
‘femaleTRUE:Nrewardsweekly‘ −0.00 (0.05)
‘femaleTRUE:Nrewardsmonthly‘ 0.06 (0.04)
‘femaleTRUE:Nrewardsquarterly‘ −0.02 (0.04)
‘income1:Nrewardsweekly‘ 0.11 (0.11)
‘income2:Nrewardsweekly‘ 0.05 (0.08)
‘income3:Nrewardsweekly‘ −0.13 (0.08)
‘income1:Nrewardsmonthly‘ −0.04 (0.10)
‘income2:Nrewardsmonthly‘ −0.01 (0.07)
‘income3:Nrewardsmonthly‘ 0.02 (0.07)
‘income1:Nrewardsquarterly‘ −0.04 (0.10)
‘income2:Nrewardsquarterly‘ 0.04 (0.07)
‘income3:Nrewardsquarterly‘ −0.01 (0.07)
‘employedTRUE:Nrewardsweekly‘ −0.07 (0.05)
‘employedTRUE:Nrewardsmonthly‘ 0.00 (0.04)
‘employedTRUE:Nrewardsquarterly‘ 0.01 (0.04)
‘education1:Nrewardsweekly‘ −0.16 (0.07)∗

‘education2:Nrewardsweekly‘ 0.06 (0.06)
‘education1:Nrewardsmonthly‘ 0.14 (0.06)∗
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Coefficient estimates

‘education2:Nrewardsmonthly‘ −0.04 (0.06)
‘education1:Nrewardsquarterly‘ 0.01 (0.06)
‘education2:Nrewardsquarterly‘ −0.01 (0.06)
‘bmi.status1:Nrewardsweekly‘ 0.05 (0.12)
‘bmi.status2:Nrewardsweekly‘ −0.10 (0.08)
‘bmi.status1:Nrewardsmonthly‘ 0.10 (0.11)
‘bmi.status2:Nrewardsmonthly‘ −0.08 (0.07)
‘bmi.status1:Nrewardsquarterly‘ −0.03 (0.11)
‘bmi.status2:Nrewardsquarterly‘ 0.08 (0.07)
race.ethnicity1 −0.07 (0.15)
race.ethnicity2 0.25 (0.16)
race.ethnicity3 −0.13 (0.25)
femaleTRUE −0.14 (0.09)
income1 0.19 (0.20)
income2 −0.21 (0.14)
income3 −0.13 (0.14)
employedTRUE −0.01 (0.09)
education1 0.22 (0.13)
education2 0.06 (0.11)
bmi.status1 0.01 (0.21)
bmi.status2 0.09 (0.14)

Log-likelihood −4392.02
N 4572.00
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

6.B Determining the functional form of reward amount

Lancsar and Louviere (2008) recommend visualizing implied functional forms for at-
tribute variables by estimating coefficients on each attribute level. When we employ this
technique on the reward amount attribute, we find that treating reward amount as a cat-
egorical variable suggests a logarithmic transformation for reward amount (Figure 6.1).
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Figure 6.1: Coefficient estimates for reward amount as a categorical variable. The left-
hand panel displays the estimates for reward amount levels without transformation, and
the right-hand panel displays the estimates for log-transformed reward amount levels.

6.C Recovering effects on interactions between effect-coded
variables

Many choice modelling studies use dummy coded categorical variables. Dummy cod-
ing provides simple contrasts, in which coefficient estimates for a given factor level are
interpreted in comparison to a reference level, which is omitted from the model ma-
trix. Unfortunately, the ommitted levels are then perfectly collinear with intercept in the
systematic utility specification, so preferences for the omitted levels cannot be recovered.

To avoid this problem, several authors recommend using effect coding instead (Holmes
and Adamowicz, 2003; Hoyos, 2010; Bech and Gyrd-Hansen, 2005). Effect coding pro-
vides deviation contrasts, in which coefficient estimates for a given factor level are inter-
preted in comparison to the grand mean for all factor levels. Consequently, the coeffi-
cient for the omitted level, while not directly estimated, can be recovered by taking the
negative sum of the coefficient estimates for the other levels in the factor.

To make this discussion concrete, consider the following simple example: suppose there
is a categorical variable x1 with three levels, {l1

1 , l1
2 , l1

3}, where the third level is the omit-
ted level. Under dummy coding, we would code x1 with two variables, x1

1 and x1
2, as
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follows:
x1 x1

1 x1
2

l1
1 1 0

l1
2 0 1

l1
3 0 0

Under effect coding, we would instead code x1 as follows:

x1 x1
1 x1

2
l1
1 1 0

l1
2 0 1

l1
3 −1 −1

and the coefficient on the omitted level, l1
3 could be recovered as the negative sum of the

coefficients on the other two levels, −(b1
1 + b1

2).

The preceding is all common knowledge, but applies only to effect-coded variables en-
tering into a specification on their own. For effect-coded variables which are interacted,
the situation is somewhat more complicated. However, coefficients on omitted inter-
actions (i.e., interactions involving omitted levels) can still be recovered by taking the
appropriate sums of coefficients. To illustrate how to arrive at the appropriate sum,
consider the following simple example. Suppose we have, in addition to the categorical
variables x1 with three levels mentioned above, another categorical variable x2, also with
three levels, and the third level as the omitted level. The contrast matrix is now much
larger:

x1 x2 x1
1 x1

2 x2
1 x2

2 x1
1 × x2

1 x1
2 × x2

1 x1
1 × x2

2 x1
2 × x2

2
l1
1 l2

1 1 0 1 0 1 0 0 0
l1
2 l2

1 0 1 1 0 0 1 0 0
l1
3 l2

1 −1 −1 1 0 −1 −1 0 0
l1
1 l2

2 1 0 0 1 0 0 1 0
l1
2 l2

2 0 1 0 1 0 0 0 1
l1
3 l2

2 −1 −1 0 1 0 0 −1 −1
l1
1 l2

3 1 0 −1 −1 −1 0 −1 0
l1
2 l2

3 0 1 −1 −1 0 −1 0 −1
l1
3 l2

3 −1 −1 −1 −1 1 1 1 1

The first group of columns refers to the levels that the categorical variables x1 and x2
take. Thus each row in the contrast matrix represents a possible pairing of x1 and x2
values. The second group of columns refers to the values that the effect-coded variables
would take, and is formed by applying the coding rules described previously. The third
group of columns refers to the values that the interactions between the effect-coded
variables would take, and is formed by taking appropriate products between the effect-
coded variables in the second group of columns.
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The third group of columns reveals how to recover coefficients on interacted effect-coded
variables. Consider the first three rows: 1) the coefficient on the interaction l1

1 × l2
1 is

given by the coefficient on x1
1 × x2

1, 2) the coefficient on the interaction l1
2 × l2

1 is given
by the coefficient on x1

2 × x2
1, 3) the coefficient on the interaction l1

3 × l2
1 is given by the

negative sum of the aforementioned coefficients, −(b12
11 + b12

21).

Examining the remaining rows in a similar pattern, focusing particularly on interactions
involving omitted levels, reveals the following pattern: to recover the coefficient on an
interaction term where both variables are at their base level, take the positive sum of all
the coefficients on the interaction terms where neither variable is at their base level. To
recover the coefficient on an interaction term where one variable is at its base level and
the other is not, take the negative sum of the coefficients on the interaction terms where
the former variable is not at its base level and the latter variable is at the same level. For
interaction terms where neither variable is at its base level, recovery is not necessary, as
the coefficients are directly estimated.

6.D Vuong test for non-nested hypotheses

The Vuong test (Vuong, 1989) is a test for which of two models is closer to the true
specification. It is based on distribution theory for the likelihood ratio statistic, and
therefore applies to any model estimated by maximum likelihood. The null hypothesis
is that the two models are equally close to the true specification, that is:

H0 : E0

[
ln

f (y|x; θ)

g(y|x, γ)

]
where f (y|x; θ) is the density for one model and g(y|x; γ) is the density for the other
model. The expectation in the null hypothesis is unknown, but can be approximated by
its sample analogue, the likelihood ratio:

LR(θ̂, γ̂) ≡ ln L f (θ̂)− ln Lg(γ̂) =
N

∑
i=1

ln
f (yi|xi, θ̂)

g(yi|xi, γ̂)

For strictly non-nested models, the test statistic based on the likelihood ratio has a stan-
dard normal distribution under the null:

LR(θ̂, γ̂)√
nω̂

i.d.→ N(0, 1)

where

ω̂2 ≡ 1
N

N

∑
i=1

(
ln

f (yi|xi, θ̂)

g(yi|xi, γ̂)

)2

−
(

1
N

N

∑
i=1

ln
f (yi|xi, θ̂)

g(yi|xi, γ̂)

)2
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There are two alternative hypotheses to the null:

H f : E0[ln( f /g)] > 0

Hg : E0[ln( f /g)] < 0

In other words, H f implies that model Fθ is closer to the true specification than model
Gγ, and Hg implies that model Gγ is closer to the true specification than model Fθ.

For a critical value of c, the decision rule is as follows:

• If the test statistic is greater than c, then reject H0 in favour of H f .

• If the test statistic is less than −c, then reject H0 in favour of Hg.

• Otherwise, the test statistic is between c and −c, and the test cannot discriminate
between the two models.

6.E Measuring prediction accuracy using K-fold cross val-
idation

Cross validation is a standard method in the statistics and data mining literatures to
estimate out-of-sample prediction error (Hastie et al., 2009). Under cross-validation, the
dataset is partitioned into K ‘folds’. For each fold, the model of interest is estimated
using data excluding that fold, and then validated on that fold. In other words, each
fold takes a turn acting as the hold-out (i.e.test set). The average error across all the folds
is an estimate of the out-of-sample prediction error. Cross validation can be performed
on every model specification of interest, yielding a measure of prediction accuracy which
can be used to select between specifications. The selected model can then be estimated
on the full dataset.

The number of folds, K, is a user-specified parameter which is subject to the bias-variance
trade-off. The greater the number of folds, the less the bias, but the greater the variance.
The smaller the number of folds, the greater the bias. There is no ‘correct’ value for the
number of folds, but K = 5 and K = 10 can often be seen in the literature. For this study,
K = 10 is used, although other values K were also tried. Qualitatively, the results were
very similar to K = 10. The detailed results are available from the author upon request.

The folds are created by randomly dividing the dataset into portions of nearly equal
sizes (that is, if the sample size is not divisible by the number of folds, then the number
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of observations in each fold may be different by one observation1). Because the divi-
sion is random, standard errors for the estimated prediction error can be obtained by
bootstrapping the division. In this study, R = 250 bootstrap replications are used.

In addition to the number of folds, a loss function must also be specified. The loss
function defines how the error is computed for a given choice probability prediction. In
this study, the multinomial deviance loss function recommended by Hastie et al. (2009)
is used. It is defined as:

L(y, p̂(x)) = −
J

∑
j=1

yj ln p̂j(x)

where yj is a dummy variable indicating whether alternative j was chosen by the re-
spondent and p̂j(x) is the predicted choice probability for alternative j. For convenience,
respondent subscripts i have been suppressed.

6.F Coefficient estimates for attendance scale length mod-
els

Table 6.2: (continued on next page)

1|23456 1|234|56 1|2|3|4|5|6

ASC.SQ 0.03 0.21∗∗∗ 0.33∗∗∗

(0.03) (0.03) (0.03)
Mag.0 0.31∗∗∗ 0.48∗∗∗ 0.60∗∗∗

(0.05) (0.05) (0.05)
amount::1 −0.19∗∗∗ −0.26∗∗∗ −0.30∗∗∗

(0.01) (0.02) (0.02)
amount::23456 0.19∗∗∗

(0.01)
location:workplace:1 0.19∗∗∗ 0.31∗∗ 0.28

(0.05) (0.10) (0.15)
location:community:1 −0.12∗ −0.21∗ −0.16

(0.05) (0.10) (0.16)
location:church:1 0.00 −0.04 −0.27

(0.05) (0.09) (0.16)

1Note that for this discrete choice dataset, each ‘observation’ is defined as a choice task. For data in
long form, one observation therefore corresponds to three rows, because there is one row for each of the
three alternatives in a choice task.
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

location:clinic:1 −0.08 −0.06 0.15
(0.05) (0.10) (0.15)

location:workplace:23456 −0.19∗∗∗

(0.05)
location:community:23456 0.12∗

(0.05)
location:church:23456 −0.00

(0.05)
location:clinic:23456 0.08

(0.05)
form:gym:1 −0.07 −0.11 −0.06

(0.05) (0.10) (0.19)
form:medical:1 0.08 0.13 0.21

(0.05) (0.10) (0.19)
form:debit:1 0.09 0.17 0.16

(0.05) (0.10) (0.17)
form:cash:1 −0.11 −0.19 −0.31

(0.06) (0.10) (0.20)
form:gym:23456 0.07

(0.05)
form:medical:23456 −0.08

(0.05)
form:debit:23456 −0.09

(0.05)
form:cash:23456 0.11

(0.06)
condition:weight:1 −0.05 −0.00 0.11

(0.06) (0.09) (0.12)
condition:compliance:1 −0.03 −0.16 −0.27∗

(0.05) (0.09) (0.12)
condition:att.comp:1 0.01 0.10 0.15

(0.05) (0.09) (0.11)
condition:attendance:1 0.07 0.07 0.02

(0.05) (0.09) (0.12)
condition:weight:23456 0.05

(0.06)
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

condition:compliance:23456 0.03
(0.05)

condition:att.comp:23456 −0.01
(0.05)

condition:attendance:23456 −0.07
(0.05)

frequency:weekly:1 0.07 0.11 0.16
(0.05) (0.09) (0.13)

frequency:monthly:1 0.10 0.17 0.09
(0.05) (0.09) (0.13)

frequency:quarterly:1 −0.14∗∗ −0.22∗ −0.15
(0.05) (0.09) (0.13)

frequency:once:1 −0.03 −0.06 −0.10
(0.05) (0.09) (0.14)

frequency:weekly:23456 −0.07
(0.05)

frequency:monthly:23456 −0.10
(0.05)

frequency:quarterly:23456 0.14∗∗

(0.05)
frequency:once:23456 0.03

(0.05)
amount::234 0.07∗∗∗

(0.01)
amount::56 0.19∗∗∗

(0.01)
location:workplace:234 −0.15

(0.09)
location:community:234 0.12

(0.09)
location:church:234 0.01

(0.08)
location:clinic:234 0.02

(0.09)
location:workplace:56 −0.17∗∗

(0.06)
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

location:community:56 0.09
(0.06)

location:church:56 0.03
(0.06)

location:clinic:56 0.04
(0.06)

form:gym:234 0.07
(0.08)

form:medical:234 0.06
(0.08)

form:debit:234 −0.15∗

(0.08)
form:cash:234 0.03

(0.09)
form:gym:56 0.04

(0.07)
form:medical:56 −0.19∗∗

(0.07)
form:debit:56 −0.01

(0.06)
form:cash:56 0.16∗

(0.07)
condition:weight:234 −0.02

(0.07)
condition:compliance:234 −0.06

(0.07)
condition:att.comp:234 0.12

(0.06)
condition:attendance:234 −0.04

(0.07)
condition:weight:56 0.02

(0.08)
condition:compliance:56 0.22∗∗

(0.08)
condition:att.comp:56 −0.22∗∗

(0.08)
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

condition:attendance:56 −0.03
(0.08)

frequency:weekly:234 0.05
(0.07)

frequency:monthly:234 0.06
(0.07)

frequency:quarterly:234 −0.01
(0.07)

frequency:once:234 −0.10
(0.07)

frequency:weekly:56 −0.16∗

(0.07)
frequency:monthly:56 −0.22∗∗

(0.07)
frequency:quarterly:56 0.23∗∗

(0.07)
frequency:once:56 0.16∗

(0.07)
amount::2 −0.06∗

(0.02)
amount::3 0.02

(0.02)
amount::4 0.06∗∗

(0.02)
amount::5 0.14∗∗∗

(0.02)
amount::6 0.14∗∗∗

(0.02)
location:workplace:2 0.06

(0.18)
location:community:2 0.02

(0.19)
location:church:2 0.03

(0.18)
location:clinic:2 −0.11

(0.18)
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

location:workplace:3 −0.01
(0.16)

location:community:3 0.03
(0.16)

location:church:3 0.22
(0.15)

location:clinic:3 −0.24
(0.17)

location:workplace:4 −0.07
(0.13)

location:community:4 0.04
(0.13)

location:church:4 −0.06
(0.12)

location:clinic:4 0.09
(0.13)

location:workplace:5 −0.09
(0.10)

location:community:5 −0.08
(0.10)

location:church:5 0.08
(0.10)

location:clinic:5 0.08
(0.10)

location:workplace:6 −0.18∗

(0.08)
location:community:6 0.15∗

(0.08)
location:church:6 −0.00

(0.07)
location:clinic:6 0.03

(0.07)
form:gym:2 0.01

(0.21)
form:medical:2 0.24

(0.21)
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

form:debit:2 0.02
(0.19)

form:cash:2 −0.27
(0.22)

form:gym:3 −0.04
(0.15)

form:medical:3 −0.12
(0.15)

form:debit:3 −0.08
(0.14)

form:cash:3 0.23
(0.16)

form:gym:4 0.05
(0.11)

form:medical:4 0.04
(0.11)

form:debit:4 −0.10
(0.11)

form:cash:4 0.02
(0.11)

form:gym:5 0.08
(0.10)

form:medical:5 −0.14
(0.10)

form:debit:5 −0.10
(0.09)

form:cash:5 0.16
(0.10)

form:gym:6 −0.05
(0.10)

form:medical:6 −0.23∗

(0.10)
form:debit:6 0.10

(0.10)
form:cash:6 0.17

(0.10)
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

condition:weight:2 −0.26
(0.14)

condition:compliance:2 0.15
(0.13)

condition:att.comp:2 0.17
(0.13)

condition:attendance:2 −0.06
(0.14)

condition:weight:3 0.04
(0.13)

condition:compliance:3 −0.10
(0.11)

condition:att.comp:3 −0.06
(0.11)

condition:attendance:3 0.13
(0.11)

condition:weight:4 0.04
(0.12)

condition:compliance:4 −0.15
(0.11)

condition:att.comp:4 0.19
(0.10)

condition:attendance:4 −0.09
(0.11)

condition:weight:5 0.01
(0.13)

condition:compliance:5 0.31∗∗

(0.12)
condition:att.comp:5 −0.34∗∗

(0.12)
condition:attendance:5 0.01

(0.12)
condition:weight:6 0.06

(0.13)
condition:compliance:6 0.06

(0.13)
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

condition:att.comp:6 −0.11
(0.12)

condition:attendance:6 −0.01
(0.12)

frequency:weekly:2 0.11
(0.15)

frequency:monthly:2 0.25
(0.14)

frequency:quarterly:2 −0.19
(0.14)

frequency:once:2 −0.17
(0.15)

frequency:weekly:3 0.06
(0.14)

frequency:monthly:3 0.06
(0.12)

frequency:quarterly:3 −0.18
(0.13)

frequency:once:3 0.06
(0.13)

frequency:weekly:4 0.02
(0.11)

frequency:monthly:4 0.01
(0.10)

frequency:quarterly:4 0.08
(0.11)

frequency:once:4 −0.10
(0.11)

frequency:weekly:5 −0.09
(0.11)

frequency:monthly:5 −0.07
(0.11)

frequency:quarterly:5 0.17
(0.11)

frequency:once:5 −0.01
(0.12)
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Table 6.2: (continued from previous page)

1|23456 1|234|56 1|2|3|4|5|6

frequency:weekly:6 −0.26∗

(0.11)
frequency:monthly:6 −0.34∗∗

(0.10)
frequency:quarterly:6 0.28∗∗

(0.11)
frequency:once:6 0.32∗∗

(0.11)

Log-likelihood −2410.95 −2389.88 −2379.63
AIC 4851.90 4835.77 4893.25
BIC 4939.27 4998.86 5283.52
ρ̄2 0.10 0.10 0.09
N 2502.00 2502.00 2502.00
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05

Table 6.2: Coefficient estimates for models under selected dichotomous, trichotomous
and original six-point attendance scales. Reported coefficients include recovered effects
(see section 6.C) and standard errors approximated by the delta method. Interaction
terms are reported as attribute:attribute level:attendance level, where the atten-
dance level may be defined by multiple points from the original six-point attendance
scale.

6.G Table of coefficients for latent class logit model

Table 6.3: (continued on next page)

LCL

theta1 −1.76 (0.23)∗∗∗

theta2 −1.82 (0.21)∗∗∗

theta3 −0.90 (0.18)∗∗∗

theta4 −0.66 (0.10)∗∗∗
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Table 6.3: (continued from previous page)

LCL

ASC.SQ −0.05 (0.10)
Mag.0 0.43 (0.11)∗∗∗

condition1 0.11 (0.05)∗

condition2 −0.08 (0.05)
condition3 −0.07 (0.04)
frequency1 0.11 (0.05)∗

frequency2 0.03 (0.05)
frequency3 0.03 (0.05)
form1 −0.15 (0.05)∗∗

form2 −0.16 (0.05)∗∗∗

form3 0.12 (0.05)∗

1.log(amount + 1) 0.28 (0.13)∗

1.location1 −5.81 (1.28)∗∗∗

1.location2 1.91 (0.47)∗∗∗

1.location3 0.21 (0.56)
2.log(amount + 1) −0.34 (0.08)∗∗∗

2.location1 4.95 (0.86)∗∗∗

2.location2 4.88 (0.80)∗∗∗

2.location3 −14.68 (2.40)∗∗∗

3.log(amount + 1) 2.57 (0.50)∗∗∗

3.location1 0.23 (0.23)
3.location2 0.20 (0.24)
3.location3 −0.59 (0.28)∗

4.log(amount + 1) −0.40 (0.05)∗∗∗

4.location1 −0.01 (0.14)
4.location2 0.11 (0.14)
4.location3 −0.31 (0.17)
5.log(amount + 1) 0.28 (0.05)∗∗∗

5.location1 −0.15 (0.08)∗

5.location2 −0.02 (0.07)
5.location3 0.16 (0.06)∗∗

Log-likelihood −4387.84
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05
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6.H Table of coefficients for triangular MXL

Triangular

ASC.SQ −0.09 (0.09)
Mag.0 0.11 (0.10)
condition1 0.07 (0.04)
condition2 −0.05 (0.04)
condition3 −0.11 (0.04)∗∗

frequency1 0.13 (0.05)∗∗

frequency2 −0.01 (0.04)
frequency3 0.04 (0.04)
form1 −0.13 (0.04)∗∗

form2 −0.15 (0.04)∗∗∗

form3 0.12 (0.04)∗∗

location1.c −0.20 (0.12)
location1.s1 −0.00 (0.11)
location1.s2 0.02 (0.29)
location2.c 0.14 (0.04)∗∗∗

location2.s1 0.00 (0.17)
location2.s2 −0.00 (0.17)
location3.c −0.27 (−)
location3.s1 0.01 (−)
location3.s2 −0.31 (−)
log(amount + 1).c 0.48 (0.15)∗∗

log(amount + 1).s1 1.45 (0.17)∗∗∗

log(amount + 1).s2 0.88 (0.32)∗∗

Log-likelihood −4481.91
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05
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6.I Table of coefficients for Johnson SB MXL

Johnson SB

ASC.SQ −0.15 (0.09)
Mag.0 0.05 (0.10)
condition1 0.07 (0.04)
condition2 −0.04 (0.04)
condition3 −0.10 (0.04)∗

frequency1 0.13 (0.05)∗∗

frequency2 −0.01 (0.04)
frequency3 0.05 (0.04)
form1 −0.13 (0.04)∗∗

form2 −0.16 (0.04)∗∗∗

form3 0.14 (0.04)∗∗

location1.gamma 0.86 (0.11)∗∗∗

location1.delta −0.00 (−)
location1.xi −0.23 (0.06)∗∗∗

location1.lambda −0.19 (0.27)
location2.gamma −1.41 (1.43)
location2.delta −8.75 (−)
location2.xi 0.12 (0.38)
location2.lambda 0.04 (0.69)
location3.gamma 2.67 (0.33)∗∗∗

location3.delta 0.20 (0.11)
location3.xi −0.24 (0.05)∗∗∗

location3.lambda 46.35 (−)
log(amount + 1).gamma −4.39 (0.86)∗∗∗

log(amount + 1).delta 2.06 (0.82)∗

log(amount + 1).xi −8.64 (1.41)∗∗∗

log(amount + 1).lambda 10.08 (1.60)∗∗∗

Log-likelihood −4472.65
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05
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