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ABSTRACT

Previous economics literature has explored the role of visual attention on choice in isolation without accounting
for other influences such as habits and goals or learning effects, nor their interrelationship. In this paper, we: (i)
develop a novel joint framework to explore the relationship between visual attention, observed heterogeneity
from stated habits and goals, and choice outcomes while accounting for shorter- and longer-term learning ef-
fects; and (ii) investigate whether accounting for these relationships improves model predictive power and
behavioral insights. The empirical analysis used an eye-tracked discrete choice experiment on sugar-sweetened
beverage purchasing (n = 152 adults with 20 choice tasks). Results suggest that habits, goals, and shorter-term
learning are key drivers of information acquisition whereas cumulative choices (longer-term learning) affect
subsequent choice outcome. Importantly, ignoring the joint relationship between habits, visual attention and
choice may exaggerate the role of visual attention, leading to incorrect behavioral insights and reduced pre-
diction accuracy.

1. Introduction

A better understanding of human decision-making behavior is fun-
damental to successful prediction and understanding the drivers of
economic choices. Cognitive process tracing methods, such as eye-
tracking, are well-established methods of seeking insight into the

complex processes occurring within the ‘black box’ of consumer deci-
sion-making (Schulte-Mecklenbeck, Kuehberger, & Johnson, 2019). In
the last decade, eye-tracking data have been used increasingly in the
fields of psychology, neuroscience, marketing, health economics and
food and agricultural economics to penetrate this ‘black box’ to explore
(i) how ‘bottom-up’ influences in the visual environment (e.g., Orquin,
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Bagger, Lahm, Grunert, & Scholderer, 2019) and experimental con-
straints (e.g., Fenko, Nicolaas, & Galetzka, 2018; Ryan, Krucien, &
Hermens, 2018) affect visual attention and thereby affect choices; (ii)
how ‘top-down’ habits and goals guide visual attention and thereby
affect choices (e.g., Reutskaja, Nagel, Camerer, & Rangel, 2011; Biittner
et al., 2014; Balcombe, Fraser, & McSorley, 2015; Mei3ner, Musalem, &
Huber, 2016; van der Laan, Papies, Hooge, & Smeets, 2016); and (iii)
the potential improvement in the predictive power of choice models
using visual attention data (Balcombe et al., 2015; Krucien, Ryan, &
Hermens, 2017; Meyerding, 2018; Mullett & Stewart, 2016; Orquin &
Loose, 2013; Spinks & Mortimer, 2015; Towal, Mormann, & Koch,
2013; van der Laan, Hooge, De Ridder, Viergever, & Smeets, 2015; Van
Loo, Nayga, Campbell, Seo, & Verbeke, 2018; Vass, Rigby, Tate,
Stewart, & Payne, 2018; Yegoryan, Guhl, & Klapper, 2019).

The first of the three sets of above studies focus on how choice
experiments should be designed to minimize the influence of lexico-
graphical biases. The second set of studies focus on explaining the un-
derlying decision-making process through the use of visual attention
data. The third set of studies focus on improving predictions by utilizing
information about attribute attendance through eye-tracking data. In
the latter studies, few explicit assumptions are made about the re-
lationships between visual attention, information acquisition and de-
cision processes. However, the implicit assumption is that visual at-
tention has a down-stream effect on choice. For a detailed review of
eye-tracking measurement and factors affecting visual attention in
choice experiments see Orquin and Loose (2013) and Yegoryan et al.
(2019), and in the food preferences literature, see Van Loo, Grebitus,
Nayga, Verbeke, and Roosen (2018).

The literature to date has therefore mainly explored the role of eye-
tracking data for different decision-making strategies in isolation
without accounting for top-down influences such as habit. Failure to
control for unobserved heterogeneity across different model compo-
nents (e.g., habit and goals, visual attention and choice), and the
feedback effect due to learning in repeated choices over time, may lead
to a spurious effect of visual attention on choice; it may also worsen
model predictive power. For example, Camerer, Ho, and Chong (2004)
and Gabaix, Laibson, Moloche, and Weinberg (2006) have reported that
accounting for the effect of previous choices on subsequent choices
improves model prediction. Our proposed model extends the previous
literature which has mainly considered the influences of ‘top-down’ and
‘bottom-up’ process pathways, heuristic processing, and the influence of
previous choice on subsequent choice in isolation, and allows us to
account for the interactions between these processes.

The potential interaction of ‘top-down’ and ‘bottom-up’ processing
pathways in consumer decision-making has significant implications for
business, including in the design of product packaging (Orquin et al.,
2019) and store layout and product positioning (Valenzuela, Raghubir,
& Mitakakis, 2013; Orquin et al., 2019). For example, there is emerging
literature to suggest that weight-consciousness is associated with both
increased visual attention to nutritional information on food products
and increased willingness to pay for nutritional information (Ran, Yue,
& Rihn, 2015). Further understanding of these interactions may help
guide retail practices. For example, in order to promote sales for pro-
ducts that promote healthy weight, but are often not perceived as such
by consumers, like nuts, manufacturers could consider displaying nu-
trition information more prominently to engage weight-conscious cus-
tomers while keeping prices the same so as not to discourage purchases
by customers who are not weight conscious.

In the current study, we address this gap and add to the health
economics and business literature by developing a joint model to ac-
count for the influence of top-down factors on visual attention path-
ways. This paper advances the previous literature by accounting for the
effects of ‘top-down’ influences on choice, as well as the interrelation-
ships and feedback loops between these ‘top-down’ influences, visual
attention and choice. We focus on improving predictions and quanti-
fying the effect of visual attention on choices, after controlling for
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potential confounds. We assume top-down goal-driven control of visual
attention (also referred to as the “endogenous effect”) (Corbetta &
Shulman, 2002; Theeuwes, 2010). The current study is motivated by
the apparent paucity of consideration of the endogenous effect in pre-
vious prediction studies on the effects of goal, habits, visual attention
and choice (i.e., goals and habits may direct visual attention, which
subsequently has a down-stream effect on choice) (Van Loo, Grebitus
et al., 2018). This endogenous effect is our principal focus. We for-
mulate a comprehensive econometric framework and provide a com-
putationally feasible estimation process. Although controlling for un-
observed factors in a multilevel model is not difficult, the estimation of
such models becomes near impossible using the usual full information
likelihood or Bayesian approaches (see Bhat & Dubey, 2014 for a de-
tailed discussion on issues related to estimation of multilevel models).
Our proposed estimation method circumvents these difficulties.

In this study, we use eye-tracking data from a discrete choice ex-
periment (DCE) on the effect of changing volume and price on non-
alcoholic beverage purchases (n = 152) to investigate the effect of
factors influencing inherent preferences (including habits and health
goals) on choice and examine the mediating effect of visual attention
using an integrated modelling approach. This is the largest eye-tracking
sample size we are aware of to date in the health economics and food
marketing literature. We address the above-highlighted research gaps
and develop a comprehensive framework for analysing multilevel
choice data with supplementary eye-tracking information to answer the
following questions: Does accounting for the endogenous relationship
between goals and habits, visual attention, and choice improve the
predictive power of and insights drawn from choice models? To what
extent is modifying visual stimuli of beverage alternatives predicted to
change preferences and behaviour?

More generally, we add to the advancement of multilevel choice
data analysis by developing a comprehensive framework that connects
various components (visual attention, habits and goals, and choice) of
models using a fully-specified covariance structure. We incorporate
feedback loops in both visual attention and choice components in a
parsimonious fashion through the use of a first-order lag structure.

The rest of the paper is organized as follows: in the next section we
summarise the existing literature on visual attention, and existing
models of the effects of habit and learning on choice, as well as high-
light relevant literature gaps; we then outline our empirical example,
followed by a detailed description of the methodology. We report and
compare the model results and out-of-sample prediction statistics fol-
lowed by discussion and concluding remarks.

2. Literature review
2.1. The relationship between visual attention and choice

There are two main ways in which visual attention is posited to
affect choice: the ‘top-down’ goal-driven pathway, and the ‘bottom-up’
stimulus-driven pathway. In the former cognitive process, individuals
focus their attention on relevant cues based on goals and pre-defined
preferences (Land, Mennie, & Rusted, 1999; Hayhoe, 2000; Hayhoe,
Shrivastava, Mruczek, & Pelz, 2003). Previous research by van der Laan
et al. (2016) and Orquin and Scholderer (2011) found increased at-
tention on food options that correspond to respondents’ intended health
goals. It is plausible that pre-defined goals and habits direct visual at-
tention towards relevant products, for inclusion or exclusion from the
choice consideration set (Souza, 2015), according to ‘Choice Set For-
mation’ theory (Swait, 1984; Ben-Akiva & Boccara, 1995).

The second, or ‘bottom-up’ process considers choice as stimulus-
driven. The bottom-up process assumes that by making an alternative
more salient, one can affect the choice. The stimulus-driven process
presents an opportunity to change health behaviours through mod-
ifying the stimulus. Recent research has demonstrated the importance
of salience of product packaging elements (Chandon, Hutchinson,
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Bradlow, & Young, 2009; Orquin et al., 2019) on consumer attention,
independent of consumer health goals (Orquin et al., 2019). Eye-
tracking provides a useful opportunity to examine the influence of goals
and habits on choice, mediated through visual attention.

Further, decision-making heuristics may drive visual attention and
thereby choice. For example, sequential visual attention movement
across the ‘row’ in a traditional tabular choice task layout may suggest
an ‘elimination by aspects’ strategy whereby a given attribute is com-
pared to a threshold or compared across alternatives (Tversky, 1972).
Alternatively, visual attention that moves sequentially down a column
may suggest an ‘additive compensatory-model’ approach in which all
attributes for a given alternative are considered before moving on to the
next alternative (Keeney & Raiffa, 1993). For example, Ares, Mawad,
Giménez, and Maiche (2014) found in an eye-tracked choice experi-
ment that consumers who reported more ‘analytical’ thinking styles had
longer attention on nutritional information in order to differentiate
between yoghurt alternatives. Those who reported more ‘intuitive’
thinking styles spent relatively more time looking at the label back-
ground. It is possible that there is a causal relationship between con-
sumer health goals and the use of heuristics, but this needs to be es-
tablished by future research. Nonetheless, the conjecture that goals may
cause heuristics adoption is a plausible one.

Improved understanding of the cognitive processes that lead to
choice decisions may enhance the real-world applicability of data from
experimental studies, and potentially identify levers for intervention
when the goal is to change choices through altering preferences. This
paper examines the effects of neglecting the endogenous relationship
between goals and habits, visual attention and choice may introduce
bias in the parameter estimates and exaggerate the effect of habits,
goals and visual attention on choices.

2.2. The effect of learning on visual attention and choice

Over time, individuals learn to separate relevant and irrelevant cues
through practice and experience (Haider & Frensch, 1999). Previous
studies have established that decision-makers become more efficient
over time when making repeated or similar choices, potentially due to
learning (Meildner & Decker, 2010; Meil3ner et al., 2016; Payne,
Bettman, & Johnson, 1988). The availability of eye-tracking along with
choice data opens an avenue to disentangle the effect of shorter-term
choices (choices made in the last one or two choice occasions) and
longer-term choices (cumulative count of various choices made until
the last choice occasion in a stated preference (SP) study).

In this study, we refer to the effect of past choices on subsequent
choices as “learning”. However, we acknowledge that there are several
potential explanations for this effect. The ‘drift diffusion model’ in
psychology (Krajbich & Rangel, 2011) describes the accumulation of
information over time in favour of a particular alternative, until evi-
dence in favour of that alternative exceeds a threshold. Similarly, the
‘choice perseveration model’ (Senftleben et al., 2019) posits that pre-
vious choices of an alternative cumulatively bias a respondent towards
that alternative.

One way to capture the learning effect is to regress the exogenous
variables of the previous time periods (e.g., experimental constraints
such as previous price levels) on the current choice (see Erdem et al.,
1999 for further discussion). Although this approach is easy to in-
corporate, it may cause explosion of parameters for a moderate to high
number of alternatives and attributes. An alternative could be regres-
sion of the past utility value on the current utility in order to reduce the
number of parameters. However, a simple utility regression approach
may induce bias in parameter estimation due to the need to regress both
observed and unobserved utility portions (Bhat, 2015).

In order to obtain unbiased estimates, a ‘lag structure’ on utility
(both observed and unobserved) is used widely in spatial econometrics
and time series analysis (LeSage & Pace, 2009). The use of a lag
structure is elegant but challenging due to estimation of high
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dimensional integrals (see Anselin, 2001 for a detailed discussion of
pertinent issues). Instead, eye-tracking researchers outside of health
(this issue has been ignored to date in the health literature) have used
simple regression by either incorporating previous choices (e.g.,
Meifiner et al., 2016) or previous attribute values as explanatory vari-
ables (e.g., Ben-Elia & Shiftan, 2010). These approaches may cause bias
in parameter estimates if an auto-regressive component is present in the
data generation process.

On the other hand, incorporating learning effects requires capturing
the effect of past choices and contexts on present choices. Abstracting
the potential availability of data, the econometric challenge in re-
presenting learning models lies in accounting for unobserved factors
across choice occasions, which imply that choices (utilities) are not
independent over time. In this paper, we incorporate a first-order au-
tocorrelation process in our econometric framework to quantify the
impact of full (systematic and stochastic) prior preferences. To our
knowledge, this is the first such specification in the eye-tracking lit-
erature. We develop a parsimonious model with improved predictive
power compared to extant practice. Below, we apply our model to de-
cision-making in a beverage choice task with health policy and retail
practice implications.

3. Material and methods
3.1. Empirical application

There is increasing consumer and government interest in reducing
the consumption of sugar-sweetened beverages (SSBs), which are a
major cause of excess energy consumption and contribute significantly
to the global burden of chronic disease, including obesity (Singh et al.,
2015). Understanding the mechanisms for consumer beverage choices
may help guide retail changes or policy development to decrease the
purchase and consumption of less healthy beverages and to increase the
consumption of healthier beverages.

The relationship between visual attendance and participant demo-
graphics, beverage preference and choice characteristics was explored
using an eye-tracked DCE. Details of the DCE without the addition of
eye-tracking data have been published (Blake et al., 2018; 2019) which
report on the DCE applied to different, larger samples than used in the
eye tracking dataset used in this current study. Briefly, the primary
purpose of the DCE was to explore heterogeneity in consumer beverage
preferences and price responsiveness over key socioeconomic char-
acteristics including income levels and usual SSB consumption fre-
quency. This eye-tracked dataset provides the opportunity to in-
vestigate the effect of factors influencing inherent preferences (self-
reported habits, goals and experimental constraints) on choice, and to
then examine the mediating effect of visual attention and to do so ac-
counting for learning effects.

3.1.1. Participants

Participants completed the DCE while being monitored at an eye-
tracking laboratory in Melbourne, Australia. Participants were
Australian residents 18 years or older. Recruitment targets were set for
this sample so as to reflect the Australian adult population in age and
gender. A minimum of 70% of participants who had consumed a SSB
purchased from a convenience store at least “a few times” in the past
month was set. Participants were recruited from a database of past
participants at the research center, through the university staff news-
letter, social media, local newspaper advertising, and direct recruitment
through local community organisations. Participants provided written
informed consent and were given an AU$30 supermarket gift card for
their time. Ethical approval was received from Monash University
Human Research Ethics Committee (approval number CF15/4153-
2015001760).



M.R. Blake, et al.

3.1.2. Experimental design

In the labelled DCE, participants selected a beverage within a hy-
pothetical convenience store setting. Each participant completed 20
choice tasks involving three SSB alternatives (energy drink, flavored
milk, regular soft drink (i.e., “soda”)), four non-sugar-sweetened al-
ternatives (non-SSBs: plain low-fat milk, fruit juice, diet soft drink,
bottled water), and a “no drink” alternative (meaning that they would
“consume no drink on this occasion”). Each beverage was described by
alternative-specific prices and generic volume attributes which each
varied over four levels. An orthogonal design was generated using
Ngene software (Rose, Collins, Bliemer, & Hensher, 2009). Prior to
completing the choice tasks, half of participants were randomly ex-
posed to a real-world educational message designed to discourage se-
lection of SSBs. See Web Appendix A for further detail on experimental
design and an example choice task and list of attribute levels for each
alternative.

Following the DCE, participants completed questions on stated at-
tendance to attributes and alternatives as well as strength of SSB con-
sumption habit. This included an 11-point scale of readiness to consider
reducing SSB intake based on a validated tool to assess readiness to quit
smoking (Biener & Abrams, 1991) and the Self-Report Behavioral Au-
tomaticity Index, a 4-item measure of habit strength measured on a 5-
point Likert scale with higher scores signifying a stronger habit
(Gardner, Abraham, Lally, & de Bruijn, 2012).

3.1.3. Eye-tracking data

A discrete, web-cam like device tracked eye movements (Tobii Pro,
2011, Tobii TX300; Stockholm, Sweden). Participant visual attention to
Areas of Interest (AOIs) was defined using a continuous measure
(fixation duration) (Krucien et al., 2017). AOIs were defined for each
attribute ‘row’, each alternative ‘column’ and for each individual choice
task table cell. For each participant, choice tasks with less than two
fixations were excluded from the analysis to reduce data noise from
random eye-movements.

3.2. Model overview

We describe the model here with further detail including relevant
estimation approach provided in Web Appendix B.

3.2.1. Econometric details

Letj = 1,...,8 be labelled alternatives, where j = 8 represents the
“no drink” option. Each respondent completes T tasks, each task t
having a choice set C;= {1,2,...,8} of all beverages. A beverage is
presented as a constant label (e.g., fruit juice, flavored milk, see Web
Appendix A- Fig. A.1), a generic size for all beverage types S; (varying
across four levels) in milliliters, and a varying alternative specific price
(pjo) in Australian dollars (see Web Appendix A- Table A.1 for price
levels). With this preamble, the model specified in Fig. 1 can be defined
econometrically.

Let the utility Uj, (subscript for person n is omitted for clarity, but
should be assumed throughout) be given as

Ui = o + B(Si/p;) + ¥;dju—1 + §Dje + gIn(Yy) + &, j =1, .8, ¢

=1, T, )

where

o; is the alternative-specific constant for beverage j;

B; is the marginal impact of the volume to price ratio for beverage j,
expected to be positive;

dj 1 = 1if beverage j chosen in the prior task (t—1), =0 otherwise,
used to proxy for shorter-term learning within the task;

y; is the utility impact of d;.q;

Dj = Z¢=1,...-1dj, is the cumulative choice of beverage j in all prior
tasks to t, which proxies for longer-term learning within the task;
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§; is the utility impact of Dj;;

Yj. is the visual attention the respondent gave to beverage j during
task t, which is defined as the total time (msec) spent on the label,
volume and price, used in the model with a natural log transform to
reflect the assumption of diminishing marginal impact of visual at-
tention on utility (see Orquin & Loose, 2013);

@; is the utility impact of In(Y;);

gj; is the additive stochastic utility for j at task t.

As we noted earlier, we assume that ¢;; is auto-regressive AR(1). An
AR(1) process allows for the possibility that time previously spent on an
alternative partly determines how much time will be spent on it cur-
rently, combining the possibility that both present and past conditions
help to establish present behaviour.:

g = Ajg 1+ Yo j=1, -8, t=1, T, )
; is the one-period autoregression coefficient, with a range from
—1to +1;
n;c is a contemporaneous stochastic utility that has no time depen-
dence to it.

This assumption allows stochastic sources of utility for a beverage to
be correlated over trials. The link between utilities Uj,, for all j, and
observed choice dj; is given through the relationship

dj; = 1ifU; > max(Uy, k # j), =0 otherwise, forj=1, ---,8,

t=1, T, 3

implying that choice is made on the basis of utility maximization.
Since the utilities are stochastic, it is necessary that we specify the
distributional law followed by errors n;; to specify the link between
utilities and observed choices. We assume that

7, MVN(0,1Q,), t =1, ---,T, 4

where MVN(a|B) is the multivariate normal distribution with mean a
and covariance matrix B;

1 is a 8x1 vector of stochastic utilities;

0, is a 8x1 vector of zeroes;

Q, is the contemporaneous covariance matrix for the stochastic
utilities (note that there is no temporal component to this matrix).

We estimate the visual attention (continuous) model which is later
integrated into the choice model. The visual attention model is given by
the following equation:

Yo =2 + ij}-l—l + 21:1_3 i Hy + Zk:luﬁ njklpk + 6jdj-l—1 + gjt’j

-, T, 5)

where

a; is the intercept of visual attention time for beverage j;

pj is the AR(1) coefficient for the previous time spent on beverage j,
ranging in the interval [-1, +11];

H; is the individual’s habit, a count of [={strongly disagree, dis-
agree, neutral, agree and strongly agree} across four scale items (see
definition in note for Table 1);

Kj is the marginal time impact of scale value H; on visual attention
given to j;

W, is equal to 1 if the individual’s score or response on an item
measuring the intention to drink less SSBs on a 10-point scale
(1 = no thought of drinking less to 10 = taking action to drink less)
isequal to k, k = 1,...,6, and Wy = 0if k = 7,...,10;

mj is the marginal time impact of the k-th dummy variable W) on
beverage j;

6; is the time impact of d;.q;
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Fig. 1. Econometric model schematic.

& is a stochastic source of visual attention time arising from other
sources than those enumerated in (5).

To complete the specification of model (5), we need to stipulate the
density for

(6)

which has an analogous interpretation to the terms defined for ex-
pression (4). Finally, we specify that error terms (&) may covary
across beverages in the same task. Since both stochastic vectors are
MVN, we can specify this as follows:

e 0, Q, )
MVN| 7| , t=1, T,
(&) (05 Qe Qe 4}

where Q, is the covariance matrix for stochastic covariation between
(ne,&y); other quantities as previously defined.

To summarize, the model system depicted in Fig. 1 has the following
characteristics which together significantly advance the current ap-
proach to visual attention data and choice model analysis:

& MVN(0¢1Q¢), t = 1, -, T,

a) The choice component is a Multinomial Probit (MNP) model with
contemporaneous covariation given through the covariance matrix
Q,, which is 8x8, thus allowing beverage utilities to be correlated
positively or negatively for the same task, and for utility variances to
differ across beverages. In addition, the MNP model allows for an AR
(1) error at the beverage level.

b) The visual attention time, Yj;, is a nonlinear predictor (through the
natural logarithm transformation) of the attractiveness/utility of a
beverage. The natural logarithm reflects the a priori conjecture that
the marginal impact of visual attention on utility of beverage j di-
minishes with increasing time.

¢) Yj. is influenced by past visual attention to beverage j through an AR
(1) specification, in addition to which habit, health goal and
learning can impact the attention given to a beverage during any
task.

d) Visual attention is correlated across beverages, through the covar-
iance matrix Q;, which is 8x8, making it possible that consistent
patterns of time allocations to beverage pairs (whether increasing or
decreasing) be captured within a task.

e) Finally, contemporaneous stochastic utilities 1;; and stochastic
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visual attentions §;; for a given beverage j during task t can covary,
through covariance matrix ., also 8x8.

We tested the following models where attention/AOI time is mod-
elled as a driver of preference, where V represents the observed part of
utility and E is the unobserved part of utility. A ‘Joint’ model refers to
models where the habit, visual attention and choice outcomes are
linked by the covariance structure and has the properties a) to e) as
described above. An ‘Independent’ model refers to a model which does
not assume a correlation between visual attention time and choice
through an error structure:

e Joint-AR(1)VE: Joint model with AR(1) structure on both observed
and unobserved parts of utility.

e Joint-AR(1)V: Joint model with AR(1) structure on observed part of
utility.

e Joint-AR(1)E: Joint model with AR(1) structure on unobserved part
of utility.

e Independent-AR(1)E: Independent model with AR(1) structure on
unobserved part of utility.

We also tested the following models where time is used to capture
screening behavior through a penalty function (P), to be detailed later:

e Joint-AR(1)VEP: Joint model with AR(1) structure on both observed
and unobserved parts of utility and penalty function.

e Joint-AR(1)EP: Joint model with AR(1) structure on unobserved
part of utility and penalty function.

Please note that for all the models, the continuous (visual attention)
component has AR(1) structure on both observed and unobserved
portions of propensity.

Identification of this model system requires that a number of re-
strictions be imposed. With respect to the choice model, it is necessary
that one of the Alternative Specific Constants (ASCs) be normalized, so
we set a; = O (forj = 1, bottled water). Additionally, it is necessary to
restrict elements of covariance matrix Q, since at most 7*8/2 = 28 of
its 89/2 = 36 elements can be identified (Bunch, 1991), with at least
one of the 28 elements being normalized to unity (in this case, the
variances of the differences of stochastic utility of energy drink and
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bottled water, j = 1,2); accordingly, the cell (1,1) is set to 1.

The joint model described above is used to test whether visual at-
tention is a driver of choice. To test whether habits, goals, and con-
straints work as screening mechanisms, we still use visual attention Y as
an explanatory variable in expression (1), but with a different func-
tional form that lets it serve as a penalty to utility. Specifically, we
rewrite the utility function of beverage j as follows. Note that the
penalty function of each alternative differs:

[th = qj + ﬁj(Sj/pj[) + yjdj,t—l + 6ij,l + ln‘rjt + E'jt,j =1, ---,8,t
=1 T, (8)
where

T3 (1 + exp(Y;))™" is the penalty term associated with beverage j in
task t.

The logistic parameterization of the penalty t ensures that its value
is bounded between 0 and 1, so in expression (8) the penalty is bounded
between — ~ (Y;; small, near zero) and O (Yj; large). Thus, an alter-
native is screened out (i.e., becomes unavailable) because its utility
grows very negative as visual attention decreases. Note that there is no
further stochastic component in the penalty function other than that
implied through the logistic functional form.

While we assume the direction of causality to be from goals and
habits to visual attention, which subsequently informs preferences
through choice, it is plausible that other causal relationships may co-
exist. For a model with three dependent variables, a total of six different
causality directions may co-exist. For example, goals and habits may
affect choices which can then direct visual attention. In this paper, we
do not model all possible causality directions. Researchers can si-
multaneously model multiple causality directions by embedding the
proposed multilevel framework in a latent class framework where each
class represent a causality direction.

3.2.2. Parameter estimation by composite maximum likelihood

The full vector of parameters to be estimated is quite extensive due
to the dimensionality of the three covariance matrices, even after ac-
counting for identification restrictions that must be imposed:

Ic
= {(“b “"0{8)’5 (Bl’ “"Bs)/’ (715 o ’1}/3),’ (511 : “’58)/’ ((Pl’ ""qog),
s (A, o+, 28)}

Ly = {(a,-+,a9)’, (01, ++,08)s (an, +++,%s3)', (7, -+, 736)', (B, -+, 05)'}

Ih= {er, Q.f’ Qn{}; 9

This dimensionality imposes a significant computational burden in
using traditional likelihood-based estimation methods, reflecting the
complication of a first-order auto-regressive MNP choice model, plus
the lagged, linear visual attention models. This causes difficulties both
theoretical and computational in nature (e.g., choice probabilities near
zero). By itself, the MNP choice probability is a well-known challenge in
the literature (Connors, Hess, & Daly, 2014). Simulated maximum
likelihood methods (e.g., Geweke- Hajivassiliou-Keane (GHK) simu-
lator, Hajivassiliou, McFadden, & Ruud, 1996) can calculate MNP
probabilities accurately only up to a limited number of dimensions
(Sandor & Andras, 2004) and suffer from long computational times
(Train, 2000; Craig, 2008). Therefore, it is challenging to estimate the
full set of parameters using maximum likelihood.

A competing method is to use a Bayesian approach to evaluate the
complex likelihood function, which would involve sampling from a
complex series of conditional distributions. A review of literature in-
volving the MNP kernel shows that the Bayesian approach has often not
performed as expected in terms of recovering parameters and their
standard errors (Franzese, Hays, & Schaffer, 2010; Patil et al., 2017),
though some studies have found the performance of Bayesian approach
to be quite good (Daziano, 2015). Faced with these polarized results, we
opted not to pursue this path.
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Instead, we use the composite marginal likelihood (CML) approach.
This has been established in the last decade as a powerful approach for
parameter estimation involving likelihood functions with high dimen-
sional integrals. A comprehensive discussion on the CML approach is
outside the scope of this paper and readers are referred to the literature
for background (Varin & Vidoni, 2005; Varin, 2008; Varin, Reid, &
Firth, 2011), and to Bhat and colleagues (Bhat & Dubey, 2014; Bhat,
Pinjari, Dubey, & Hamdi, 2016) for its application in the context of
discrete choice models. Bhat and colleagues have performed extensive
simulation testing using the CML approach for complex econometric
models and have observed highly accurate results.

One of the practical advantages of the CML method for our problem
is that it reduces the dimensionality of integration of likelihood func-
tion terms to calculations based on pairs of random variables. To our
knowledge, this is the first time CML has been applied in the eye-
tracking literature. The details of the CML likelihood function and our
estimation method are provided in Web Appendix B.

4. Results
4.1. Sample description

Between November 2015 and March 2016, 160 eligible adults
completed the eye-tracked DCE (see Web Appendix C Fig. C.1 for par-
ticipant flow diagram). Eye movements were recorded on every choice
task for 139 participants (used for main analysis) and during at least
one choice task for 13 participants. These 13 individuals were excluded
from the main analysis but used to test out-of-sample prediction. Mean
duration of the study (DCE and post-DCE questions) was 24.6 mins (SD
7.8), and the DCE alone 4.4 mins (SD 2.2).

Participant demographics are summarized in Web Appendix D,
Table D.1. The convenience sample by design approximately reflected
the Australian population based on age and gender. There was a higher
proportion of those in the lowest income quintile compared to the
Australian population income distribution. Sixteen percent reported
that they never drink SSBs. Participants scored a mean 9.6/20 (SD 4.3)
on the Self-Report Behavioral Automaticity Index habit measure,
meaning that on average participants had a moderately strong SSB
consumption habit (Gardner et al., 2012). Forty-eight percent of par-
ticipants reported currently taking action or considering how to drink
fewer SSBs.

4.2. Description of visual attendance

While total fixation duration per choice task nearly halved from
mean 18.2 secs (SD 10.0) in the first choice task to 10.3 secs (SD 8.0) in
the final choice task, the proportion of time spent looking at relevant
information (choice set task), increased from mean 71% fixation dura-
tion (SD 16%) to 82% fixation duration (SD 17%) in the final choice
task.

Visual non-attendance of beverage types was highest for energy
drink, and lowest for bottled water. Non-attendance on all beverage
types increased through subsequent choice tasks, although non-atten-
dance was temporarily decreased after the 10th choice scenario when
participants were presented with a message reminding them to “con-
sider their options carefully”. Most people attended to volume and price
in every choice task. Further descriptive results of visual attendance
data are found in Web Appendix E.

4.3. Model estimation results

In this section, we first present fixation duration results (Table 1),
followed by choice component results (Table 2). As noted in Web Ap-
pendix A, we tested the effects of the educational message using the
model of best fit (Joint-AR(1)E, fully compensatory AR-1 Error model,
described later) and found no significant effect on beverage choice,



Journal of Business Research 117 (2020) 44-57

M.R. Blake, et al.

‘Juedyrudis-uou sSurpuy [[e se pakerdsip jou symsax (*fq) Surures] wuey-ro8uoT |

‘SIsA[eue 10j SUId)T INOJ Y] JO (I 0] sasuodsal WI0IJ PIJINISU0D d19M SUBIIA *(S) 9913e A[8uoms 01 (1) 2213esip A[3uons woIj sa[eds 11yIT Jutod-aAy uo suonsanb anog 31 SunjuLIp wi |

asi[eal [ 210jog (A1) pue ‘Sunjury) INOYIIM (II1) “Ioquiswal A[SNOIOSU0d 0] SurAey INOYIIA (I1) ‘A[[eonewiony (1) ***ULIP LI PUe Y[IW PIIOAR[J ‘SYULIP ASI9Ud ‘SYULIP s110ds ‘SYULIP 1JOS JIP-UOU ‘TeIpI0d JDIP-UOU SWNSUO0D
I :sjuswRje)s Surmoj|oj 10y pajrodar sa10ds jo aderaae oy} Sunfey Aq (see1oaaq pausleams-1e3ns) sgSS SUD[ULP SPIeMO} JIqey Ul AJDIEWOINE Y} 2INSE3W 0} PAJINILSUOD Sem d[qeLIea SIY, :(A1PHeWoIne) JIqeH

*219Y parrodail jou d1e

PUR [9pOUI [RUY 31} WOIJ PA1IIUIO SI0JIISY) dI9M JUBDYIUSIS JOU 9IoM (UOTIRULIOJUT JINLI)IE PUE SATIRUISI[E 0] UONUSIIE [ensIA SUIPN[OXa JuawLIadXe 9210YD U0 SWIT} UOTIUS)IE [ENSIA) WIT) SISA[eUe 9AITUS0D 10J SIMSAY

Juedyrudis jou ‘SN

(1
(I'S) Tv9'0  (8°0T) L6S°0 (£'8) 6£9°0 (€'£) sTL0 (8'6)989°0  (08) 6950  (S'6) 985°0 -3) 3se1 snotaaud ut [ d3e1943q o Juads L], (z010wrered aarssaxdazone d) Sururea
(0 = oN
nH = m@%v Y[se} 3210 ISse[ 9y} ur uasoyd
(8'6) 2SS0 (S'6) S0S0 (6°2) ¥9€°0 (¥'6) 01S°0 (64) €S0 (9 ¥8€'0  (L¥1) 60€°0 aapeuIR)e dures ((1p) wiel-1e0yg > Surureat
SN (6°2) L6070 (5'9-) 6+0°0- (8'%) SS0°0 (T'£) 8600 (02 TI00  (6€) ¥ITO 9 210
(6'8) 8110 (6°Z) L60°0 (59" 6100 (8'%) S50°0 (z'£) 8600 (0T)TI00  (6€) ¥IT°0 S 21008
(8'v-) ¥€0°0- SN (5'9) 6¥0°0- (S5 £LE0'0-  (¥'v) 920°0-  (0T) 2100 (6°€) ¥IT'0 91008
(8'v") ¥€0°0- SN (§'9) 6¥0°0-  (§'S) £LE0'O-  (¥'4) 920°0-  (0T) 2IO0  (6°€) ¥IT'0 € 9100 012
(8'v") ¥€0°0 SN (§'9) 6¥0°0-  (§'S) £LE0'0-  (b'4) 920°0-  (02) 2TO0  (6°€) ¥IT'0 T 2I0D§  210DS :3Seq) SSO] JULP 0} UONJE upfe) = QT ‘sso Sup[ULp Jo JySnoy
(8% ¥€0°0 SN (59 6v0°0-  (S'S) ££00-  ('47) 920°0-  (0T) 2100 (6°€) ¥IT°0 191095 ou = [ ‘9[edS [RUIPIO OT-T ‘SGSS SS°] YuLIp 03 uonuaIul) (%h) s[eos yIfesH
(T'v) 860°0-  (1°2-) 9¥0°0- (¥°€) 0£0°0 (£2) 0500 (€2) €100 (§°S) 980°0-  (6'S") 0ST'0- 99138 A[8uoms pue 2918y
() 860°0- (127 9¥0°0- r'€) 0200 (0°€”) 1T0°0- (€2) €100 (I'v) 0200 (1'T) 1120 [ennaN
(92) 8900 (0°€) 960°0 (€2) €210 (6'9) ¥80°0 (9°€) 0600  (97) ¥80°0  (T'T) TTO0- aa18es1q (s218es1p A[8uons = aseq ‘AppRewome 4q pamsesw) , (*H) 31qeH
(99°11-) (691)
61€°0- 8620 (€T1)861°0-  (S01) EIT0- (86 LZIT'O- (££)0L10-  (S¥) ¥200 (DSV) JueIsu0) dyrads saneuIRY (*0) (DSV) JueIsuo) dyrads sAnEUINY
(391p) (ren3ax) N Nuup Iolem
aoml 3mag Yuup 3jos MULIp 3JOS  Y[IW PaJoAR[] JeJ-mMOJ ure[d A3rouyg poog

(onsnels1) (4) 3 ysel Sunmp [ a8es943q UO (UOHIRIND UOIIEXY) UOMIUSE [ENSIA

so[qerrea Arojeuedxy

. 19TIISUOD [BITIDI0YL,

LT =189 = [ 99 ysey ‘[ 98e10a9q (UO UOnEIND UONEXY [B10)) UONUL}IE [BNSIA JOJ SAJLWITISD Jojowered

I 2IqeL

50



44-57
2020)

h 117 (

1 of Business Researc

0

Journdl

t al

Blake, e

M.R.

le (n = 139)
e
samp W)
d the full ictions belo d
e icti an
d we us le pred bserved
ooled an t-of-samp. both o model,
ere p in ou re on inuous) .
les w ed ctu tinu 1ce
mp 13 us ) stru ion (con he cho
sub-sa n = AR(1 ation ion of t ts
hence timation ( e for the fixation dur: ed portion esponden
in the es idenc the fix bserved p: that respo; in-
in th d ev of uno implies ring
un nts the is imp cqui
We fo mpone ture on 1. This hen a rrent
d co struc model. sks w ides cu
erve R(1) (1)E ious ta; ior gui low
- unobs ith A int-AR| revio behavio: ibed be
@ bined with. the Jo from previ tion descri
z 2 om sin ience fixa Its
s @ w3 component, iheir experle::n d thus paStfore, the resu (H)) are
< @ -~ C ise ives here bits
3 o ercis nativ . T ha . on
i ° S 2 do ex tion on alte_rSi tion strate;gEy model. d, stronger SSBndance time o
g S S ma ui a . 5 tte SB al-
° o Z 3 ~ for ion acq int-AR icipate isual a n-S.
o tio oin nticip ) visu. no it of
° S informa the J d as a sed ime on bit o
2 ~ s 3 in d to 1 an ive (increa e tim ha
%) S 2] on . ble itive (i danc trong f
- 8 Poo ; rresp in Ta ith positiv tten to s ibutes o
h 3 g < & co hown ith p isual a erate ttribu
2 < 9 g Ass iated w d) vi mod the a me
3 T c ¢ B = socia ease ith a ing at ink. So
$ T o I = 5 enerally as ative (decr cople wit e looklnig r soft drin ifferent
poy 5§ Bg § g & nd neg mple, p d less f regula for di Is
E |5 5 g o e e e lkely to spen e e o health goa
~ ives. ike AN
a | g 9 = ternativ SSBs are li pared tolaattention alfieto moderate assocl"“tloi_l1
AP &S S 5 inking § compared ual mi same hig
8 g z = dri ater a for vis mple, d the ted a
D! 2 c 2 led water ates r exa 11 ha repor of
o — = bott tim ). Fo: t of who ibutes
e Z Q o) < ter es ies (lpk 6 ou icipants attri
o 2 < E RS - rame egorie f1to rticipant t the SSB
g _ S 8 s A 2 pa al cat eo ter. Pa king a hange
© g S S 8 Ith go in the rang led wa ime loo jon to ¢ ision to
] I S i hea s in t bott! re tim intentio C1S10.
S5 3} ith score ion to t mo T in ious de s-
R 5 ith s tentio: spen lowe scio ious a
<} w. isual at SSBs ea con ario
-~ R a . S hav t a ion of v: i
5 E th visu k les ho t tha ion tion
2 2 —_ wi to drinl le w! ges luat nstra
~ » : = ion eop . sug. 1 eva demo t
@ S o ] intenti to p may refu e a its tha
2 g p N j:j A = ;I;Bs compare‘lintuitively,sgs leads to caThiS Could)b which pOSl;ul ex-
e 2203 c 208 e = tion. ion of S hoice. 007), care
EEE 8, % & S E reduce constrmption s prior to ¢ elenberg, 2 ading to a
3 T S 7 Z s Q 5 duce con verage: ieters & Ze ret, le i sted
e &3 3 3 & pects of sach be ion’ (Pieter future reg to avoid. (d;,11) sugge s
ESO) & s S © tio: inimize ing 175765 wa
o8 | & > it pects ula imiz try’ ults ive if it
] ~ 2 t reg min are ing res tive
& 2 > s 8 = ‘regre de to ich they rning Iterna uto-
g ) ~ 3 - E of e ma whic rm lea an a itive a
o 5 -~ — < c ices ar ducts er-te . on 0S1 st
3L | = Lo & S hoice f pro short time the p ugge
2|2 - g 2 ° cholees n of p that more time ly, le1)s ;
2 (=7 = = atio ved end . Final f Tab . ra
— 5 & 3 SR S amin obser d to sp sion. W O discou
s 5 |8 o 2 2 Z & We also tende k occa (last ro ing or disco es
z S T S 5 ndents tend us tas erages inforci lternatives,
= = | = respo. TEVIO all bev ience (re ion on a isition
= 5 = that in the p ;) for . erie ation uisi
3 = - ) in icients (p; T experien rm, ion acq
o) &‘ E g ChOSen.Ve Coefﬁclentexercise thei cquiring lnf(t) jnformatlonﬂ-‘ect of past
< - = ssi do hen a rren the e ther
P > i = i regre; dents ) Wi ides cu es do
= LS ta ondent sks . ide tur ices an .
? S 8 = 5 ] that resp previous ta: behavior guoniously cﬁllppas ¢ Chowe'iion (Vlsllali
3 : = . m ixation sim . al, isi
2 |3 §, 8 = g ing fro fixati ar. t, goal, p cqu dbac
= = » st re p. bit, n a fee
£ T 3¢ 2 & gnd thus pi e AR Stmctlé through hﬁ;t informatlop erates as a
=F B . T ente urre fore o -
~ & tegy res . n ¢ here ice at
s - R stra . rep. istics) o t! rice
q b 2 > informauo(l; c(haracterlstlftributeS)’ and olume and paccom-
~ < g = a . Vi io to
. (& n ks e
E = g E S .g 4 ul’lobs.erv time Spentc:i current tajel results), the/price ratlotati()ns’ the
% |es 8 ¥ S 25 ttention ast and cur mo volumey/pric expec ages,
> y g a n p hoice as a riori bever
% = ? %) o S & twee P ¢ del a pi 11 T
B ST < 2 % B ink be (MN mo per itive for a e pe
£ U = 8 lin ble 2 in the m. As sitive olum
g 5 & 8= In Table | luded n the d positive her v irect
& S 2 inc tween ther nt an ith hig he di
~ S re e . ca it t
5 S “ 3 % 2 tributes tahe trade_oifﬁ]; was Slgn:lﬁbeverages wfﬁcients for beverage
38 =} S 3 9] . j oe sen
g 8 g = 3 & odate ice ratio (; eferred beve ant c t cho -term
2 P g 5 =& m e/price icipants pr n_slgmﬁC. ed by las A Shorter. al
3 e 3 8 Z e volum par“mpb rved no ) indicat ting tha ugh visu
2 ;2 =) ting se dj 1 es ion thro e
= 2 2 i =i ges We o ices (d;; . sugg isition T, W
5 Z © ] v 35 5 sug; tios. choic lection, uisit wever,
A £ £ £ £ 2 llar ra r-term e sele tion acq ion. Ho n the
g 3 b} S do horte verage se ormation rmati nce o
z £ & 4 232 effect of s bsequent be(;1riVer of inf native info rm prefe.re icated by
p = g g5 S o on the su n indirect te and altert of longer-tf! ption (indi casion,
e o ¢ g < 2 ices are a tiribute a effec rink” o hoice oc
£ g < S e 8 hoice: . to a itive “no d last ¢
S 3 o s o c ion time d pos ing the il the la
- a ] 9] n . n il h
% et 2= ntio: . nt a i ing . unt ot]
%) k] _;:2 g % b ° atte significa es includ rnatives model, b ;
S s 8 5 = R found a sign e eosen al e e oo
S 58 °c & & . a d int- ign
, 5% s & 5 53 ce of all beverag e Jo be significant in
ol § 2= T E g o8 choi ulative su ings from th found to ndent moc
B 2 E g S xg g g5 the cum se finding ffects were the indepe orrelation
E3 % ; . i c
E S < S5% S o E & Dj.0)- ddition to them learning e mponents lnot assume a ture).' The
R I £E 2 R In a er-ter ice comy does n structure the
5| 8 - 25t 2 ] long cho ch ITOor ting
% s g 8% 2 g5 % % 5 ] shorter an(il ttention aItl;lle model W}lzl ice througl-lﬁiant Sugges casions.
N @ 'Es,_:-:‘é': 2% %5 isual a E d cho igni ] ice oc
el s ¢ &5 S 83 3 £ 4 = both vi AR(1)E, ime an istically sig t choi on the
gz g §E VB2 5 = g ndent- tion ti tatistic d curren ive effect
= 5 g g 20 E t 3 - < LB Indepe isual atten ive and s t an sitive
=t: E 8 E R E 8 ( visua itive n pas a po!
=20 % g R (o] < = ween : is pos etwee: ion has
5 E < s § k= bet coefficient ;back 1oop5 bge informatio: from
Sl B ~ - - R ra A 10!
E & 4 & 8 %) A esence of fee ent on beve 1 is available
3 :oc e Ly Fnaly, e o Snp—
2 g 3 &= ~ 2§ Fin for the indep
EE 2 g g 2 S= 8 ion result fo:
ElR S 23 o 2 $E¢ d estimation r
&5 8 = ¢ ;
=l E € & 2 3 e 1 The detaile st
ol & I S £ g 2 59 Th n req
2| 8 g 2 E 5 bR authors o
a Gl E ] £ 2oy the
B3] = @ 58 ] 3} w e =R
g 5 s G s o E s = % w
3| 8 ] 52 g 2 28
N ESH : £ g =
gl £ e a8
~ g <
e &
2 g
©
e &8

51



Journal of Business Research 117 (2020) 44-57

M.R. Blake, et al.

Juedyruds Jou ‘SN

Tz (92°9) (8e'€D)
£95'T 925°0 Tv7°0 TLS'0 90 6850 619°0 £2S0 (80TT) 8TH'0  (190T) 820  (€0°6) TIT'0  (¥9°L) 80E0 SET'0 86€°0 JuLIp ON
(e€'11) (98°9) (zs'8) (1¥°'9)
¥80'T T€E°0 885°0 LTL0 L6570 £2L°0 8220 £20°0 SN 810°0 €100 SN 800°0— somf mig
(82°8)
5080 16€°0 Szy'0  (ST2) 61270 %050 9000 (¢v'2) 0V0'0  (68°C) 2SO0 SN SN SN SN (391p) YuuIp oS
(95°€) WLv-) s
(82°6) 6£8'0  (6+'6) 0450 981°0 LYS'0 €010 (01'2) 1200 (€1'2) 9€0°0 LY0'0— 100°0— SN 6200 (rem3a1) yuup Jos
(e8°'11) (ze'e) (ST'1-) (szz-)
(T9'11) L80'T ¥£9°0 0920 6070 120°0— 0¥0'0—  (9677) 82T'0  (SE°T) 040°0 SN SN I PIIOABLA
(2T'8) SLL'O 0850 (€S'Y) 220 1€0°0 SN 020°0— SN SN SN J[1W Jej-mo[ urejq
(472
000'T TTT0 ¥10°0 SN (S8'1) 9100 S20°0 SN SN yuup ASroug
(6°€) (8L°6)
z9L0  (I+'9) 60270 SN (0bb) 8ST'0  (€V'6) SOT'0 SN €520 aom( ymig
y'1D
(¥6'9) 1220 (8S%) €S€°0 1210— ¥£0°0 SN T5€°0 (331p) YuuIp 3os
(66°01)
(65°'8) 0590 SN 6910 12€°0 SN (rem3a1) >qupp yog
(€S°8) LL¥'0  (9T'L) vL1°0 SN SN [1W paIoAR]]
(S62) ara
(96'9) TL¥°0 ¥62°0 LLTO N[TW 18J-MO[ UTe[d
(€£'8)
095°0 SN Yuup A312ug
(1s's)
16570 I97em papiod
@a1p) (rem3ar) [ Juup @R1p) (e[n3o1) i Nuup 1M
YuLp ON  9dm[3imii  UMp oS MULIp JJOS  Y[IW PRIOABL]  Jej-MO[ Ure[d A8moug  somfmig Yuup Jos NULIP JOS  [IUI P2IOARLY  JBJ-MO[ UIRd A81oug pamog

g5 saAneuId)[E 988I9A9q SSOIDER SINI[IIN JIISLYIO)S JO UONB[PLIOD

(°55) seAneuId)[e 9381949 SSOIJE UONUS)IE [ENSIA JO UONB[DLIOD

C'n) 1 yser

‘[ 98e1anaq jo Ly

‘soyewnse 1ojowered (g5) XILIJBUI 9DUBLIBAOD

€ dIqeL

52



M.R. Blake, et al. Journal of Business Research 117 (2020) 44-57

likelihood of choice of a beverage. Thus, importantly, with the help of
the joint model, we are able to disentangle the effect of shorter- and ~
longer-term preferences on information acquisition and alternative se- é
lection (choice). Results for habit and goal parameters (direct effect of =
habit and goals on utility) were not significant. £ §
Although this broad directional effect finding is in line with g’ g n oo
Balcombe et al. (2015), in Table 3 we estimate the joint covariance E .E § § E
matrix (Q), along with inclusion of the autoregressive structure, which 'é é % % §
allows us to obtain the ‘true effect’ of structural endogenous factors g El<<%s 929
such as fixation duration, short and longer-term choices, while allowing cE|l=z=zl=z 1|
for better model fit. Estimates greater than zero indicate positive cor- LA
relation between visual attention and choice, while estimates less than ?i:
zero indicate negative correlation. For example, utility of healthier al- ‘§ E
ternatives like bottled water, plain low-fat milk, diet soft drink and fruit T A
juice are positively correlated with visual attention to bottled water. é E
Our assumption that there exists a significant correlation between in- g
formation gathering as observed through fixation duration (continuous E» B
model), habit and final decision-making (choice model) is reinforced by g é
the covariance matrix. In addition, characterization of unobserved g i
sources of dependence in information gathering across SSBs implies g g
that we control for the bias in the model that would otherwise be ‘g ° ©o;w o
. . . =32 TN <= < <
created in the observed sources of dependence, and is generally ignored I 3332 =3
in the prior literature. "
2
. . g
4.4. Data-fit statistics 5 -
9 ~ =
Table 4 displays the model fit statistics. We explored two decision- g 2|8 e 33 g a
making mechanisms using eye-tracking data: (1) fully compensatory, E z|d § S5 8o
and (2) two-step decision-making process where screening precedes the g § 2288 83
fully compensatory decision step. The fully compensatory behavior is <8 |sSlsess S
captured by the model where fixation duration is used as an ex-
planatory variable in the choice model. The second decision-making
behavior is captured by introducing a penalty function in the choice E
model as a function of fixation time (as discussed in the Methodology g
Section 3.1.3). The estimation results for the penalty models are similar S a828 8¢ @
to the fully compensatory models, including direction of signs of ,ém"g %%gg §§ £
parameter coefficients, together with positive fixation duration para- 2= 2292 23 ]
meters. The penalty value for a beverage alternative approaches a large § % @I $‘ % @I % E”T g
negative number as the fixation duration increases. This suggests that “j;
participants may spend more time analyzing an option before elim- %
inating it from the final consideration set in order to minimize choice e
regret (Pieters & Zeelenberg, 2007). 5 & g
Table 4 also provides the model fit measures for these two com- E ‘cé‘a %
peting models and other tested models. Since the models were esti- g Elaans =
mated using a CML approach, the non-nested models can be compared N 5
by the Composite Likelihood Information Criterion (CLIC), which is _ %
similar to the familiar AIC and BIC criteria (Varin & Vidoni, 2005). The ?:' N é’
model with higher CLIC is preferred. Based on CLIC statistics, the cur- Eow é SR )
rent dataset is best represented by the fully compensatory model (Joint- g < cg ;.E k>
AR(1E) with CLIC of —4942922.25, compared to a CLIC of 3 | ETIfg $I|gR
—4958377.42 for the screening model Joint-AR(1)EP, and CLIC of S 288EE33 :; g
—4961982.10 for screening model Joint-AR(1)VEP. This suggests that 5 i
the fully compensatory decision behavior is preferred in the current 2 § g
dataset, an eminently reasonable result given the low complexity of the § -SO = ’g ‘z
choice task (eight alternatives with two varying attributes). ;& ’E § = %
We then tested the performance of Joint-AR(1)E against the nested S 5 § § §
models using adjusted composite likelihood ratio test (ADCLRT) _ :: ) § =
(equivalent to the likelihood ratio test in the CML approach; see Varin ?;: = EJ z 8
et al., 2011). The Joint-AR(1)E model is superior to its competitors with _5 % Ed § 2 ii
the same compensatory behavior mechanism but with AR structure on £ § g, | S 7:
observed utility (Joint-AR(1)VE and Joint-AR(1)V), and to the In- § 5 5 §§ %8
dependent-AR(1)E, in which the correlation in the unobserved part of -% 7; ‘% % & s §
utility between fixation duration and choice is zero (p-value 0.010). % § =3 § ::’ g ‘E
Differences in model fit may be exaggerated due to the difference in <+ f s 8 é 28 T; g
log-likelihood values while in fact performing equally well in terms of % —°§ é E g :“f
in-sample or out-of-sample prediction. Table 5 demonstrates that the S
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Table 5
Model fit for in- and out-of- sample prediction.

Journal of Business Research 117 (2020) 44-57

Model Predicted Share Mean absolute error
(MAE)
Bottled Energy Plain low-fat  Flavored milk Soft drink Soft drink Fruit No drink
water drink milk (regular) (diet) juice
In-Sample”
Observed share 0.27 0.07 0.06 0.10 0.11 0.09 0.20 0.09
Joint-AR(1)VE 0.18 0.12 0.16 0.11 0.11 0.07 0.18 0.07 0.039
Joint-AR(1)V 0.27 0.10 0.15 0.08 0.10 0.13 0.15 0.03 0.038
Joint-AR(1)E 0.24 0.09 0.12 0.15 0.10 0.09 0.16 0.05 0.031
Independent-AR(1)E  0.58 0.06 0.06 0.05 0.05 0.07 0.10 0.04 0.075
Joint-AR(1)VEP 0.15 0.04 0.23 0.18 0.13 0.10 0.16 0.01 0.069
Joint-AR(1)EP 0.21 0.05 0.11 0.17 0.11 0.12 0.21 0.03 0.038
Out-of-sample °
Observed share 0.20 0.08 0.13 0.13 0.11 0.12 0.20 0.04
Joint-AR(1)VE 0.19 0.12 0.17 0.11 0.11 0.07 0.17 0.08 0.029
Joint-AR(1)V 0.28 0.09 0.16 0.08 0.10 0.12 0.14 0.03 0.031
Joint-AR(1)E 0.20 0.05 0.12 0.16 0.10 0.12 0.21 0.03 0.013
Independent-AR(1)E  0.59 0.06 0.06 0.05 0.05 0.07 0.09 0.04 0.098
Joint-AR(1)VEP 0.14 0.04 0.24 0.18 0.14 0.10 0.16 0.01 0.048
Joint-AR(1)EP 0.25 0.09 0.13 0.15 0.10 0.09 0.14 0.05 0.024

2780 (139 individuals with 20 choice tasks)
206 (13 individuals with varying number of choice tasks)

2 Sample size
> Sample size

fully compensatory behavior model Joint-AR(1)E has better prediction
accuracy for both in-sample (mean absolute error (MAE) of 0.031) and
out-of-sample (MAE of 0.013) data compared to all other models. In-
terestingly, while there is a large discrepancy in data fit statistics,
predictions are very similar for the fully compensatory behavior model
Joint-AR(1)VE (0.039 and 0.029 for in- and out-of-sample predictions,
respectively) and Joint-AR(1)V (0.038 and 0.031 for in- and out-of-
sample predictions, respectively). Among all tested models, the In-
dependent-AR(1)E model has the worst in- and out-of-sample predic-
tion accuracy. These results support the need to capture screening
processes to enhance the predictive power of eye-tracking models.

4.5. Elasticity effects

To quantify the true magnitude of difference in discrete choice
model estimations accounting for the possibility of screening during the
decision-making process with those models that do not, we calculate
the elasticity effects for fixation time with respect to beverage choice.
For brevity, we only calculate and compare the elasticity effect of
fixation for the fully compensatory model Joint-AR(1)E (preferred
model) and its corresponding independent version (Independent-AR(1)
E).

For the elasticity calculation, we increase the fixation time by 10%
and calculate the implied change in share for each beverage. Since the
model is based on a Probit kernel, the expression for elasticity effects

Table 6

does not take a closed form. Table 6 shows that elasticity values ob-
tained from the two models are indeed statistically different (for all
beverages, the p-value < 0.05). As expected, the implied shares are
higher for the independent model than the joint model. Finally, the true
effect of visual attention on choice (share from the joint model divided
by share from the independent model) is around 56% to 65% for all
beverages. This implies that if an analyst fails to consider the inter-
relationship between information gathering (visual attention) and in-
formation processing (decision-making), the result may be an over-
estimation of the impact of visual attention on actual choice.

5. Discussion

In this study, we developed a model to analyze the relationship
between habits and goals, visual attention and choice outcomes in a
joint framework. We found habit, goal and longer-term learning effects
to be significant drivers of decision-making processes independent of
the effects of visual attention. We also found unobserved factors to be
significant drivers of choice. Most importantly, we found that ignoring
potential unobserved heterogeneity between habits, visual attention
and choice outcomes may exaggerate the role of visual attention as a
driver of choice leading to low prediction accuracy.

Taking account of each variable separately, we found that time
spent on beverage alternative information was positively correlated
with the likelihood of choice of that alternative, similar to findings of

Average treatment effect (ATE) on probability of choosing a particular option due to 10% increase in total time spent looking at that option including attribute values

(standard errors): comparison of independent and joint model performance.

Alterative Baseline observed ATE for 10% increase in fixation time  ATE for 10% increase in fixation p-value True effect Spurious effect ©
choice share Independent-AR(1)E time Joint-AR(1)E model * b

Bottled water 0.27 0.031 (0.003) 0.020 (0.003) 0.005 65% 35%

Energy drink 0.07 0.018 (0.002) 0.010 (0.002) 0.002 56% 44%

Plain low-fat milk 0.06 0.019 (0.002) 0.010 (0.002) 0.001 53% 47%

Flavored milk 0.10 0.018 (0.002) 0.011 (0.002) 0.007 61% 39%

Soft drink (regular) 0.11 0.018 (0.002) 0.011 (0.002) 0.007 61% 39%

Soft drink (diet) 0.09 0.016 (0.002) 0.010 (0.002) 0.017 63% 37%

Fruit juice 0.20 0.023 (0.003) 0.015 (0.002) 0.013 65% 35%

None 0.09

2 ATE values are based on 500 model estimation repetitions.

> The true effect is the ratio of share estimations from the joint model/ independent model estimations.

¢ Additional percentage of share not accounted for by true effect.
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Balcombe et al. (2015) and others (e.g., Henderson, Williams,
Castelhano, & Falk, 2003), who did not simultaneously account for
multiple drivers of choice, potentially masking unobserved hetero-
geneity.

Other authors outside of the eye-tracking literature (Camerer et al.,
2004; Gabaix et al., 2006) have reported that Markov-like decision
models, which consider the influence of previous information acquired
on respondent information acquisition behaviours in subsequent
choices, provide better data-fit than models which ignore such in-
formation acquisition behaviours. This improved predictive power is
possibly due to accounting for the endogeneity inherent in such deci-
sion-making behaviours. Unlike prior modelling approaches, our more
comprehensive approach allows both prior preferences and goal and
constraint-based screening to co-exist simultaneously as drivers of
choice within a probabilistic approach. While we did not find a sig-
nificant direct effect of habit and goals on utility, our model allows for
this mechanism to be explored in future studies. These advances could
be used to identify the mechanism of effect of different cognitive and
environmental influences on health or non-health behaviour and pur-
chasing decisions, and thus identify targets for effective intervention.
The high predictive power demonstrated by out-of-sample predictions
further highlights the need for joint modelling of influences on decision-
making, to better identify the potential effect of interventions and the
influence of different goals and influences for targeting.

The superior fit of the joint model with AR(1) structure on the un-
observed part of utility using time as a preference driver suggests that a
significant portion of utility explanatory power is in the unobserved
factors affecting choice. Of course, there are a number of decision-
making heuristics that our model could be adapted to account for, while
harnessing the strength of our model of also accounting for other
competing influences on choice rather than considering eye tracking
data in isolation. These include the influence of ‘row-based’ visual at-
tention or ‘elimination by aspects’ strategy whereby a given attribute is
compared to a threshold or between alternatives (Tversky, 1972), and
‘column-based’ visual attention strategies suggesting an ‘additive com-
pensatory-model’ approach in which all attributes for a given alter-
native are considered before moving on to the next alternative (Keeney
& Raiffa, 1993). Visual attention data could be used following our
suggested approach to provide evidence for ‘row’ and ‘column’ beha-
vioral processes jointly, while accounting for other influences on choice
as we have done, aiding decision-making in health and non-health
DCEs.

Our model provides evidence of several pathways whereby previous
choices and attention may influence subsequent choice and attention.
We observed that respondents tended to spend more time on an alter-
native if it was chosen in the previous task occasion. This may suggest
that the previously chosen alternative works as an anchor in the
shorter-term, and other options are then evaluated in comparison to the
anchor in a binary fashion. This is similar to the ‘drift diffusion model’
in psychology (Krajbich & Rangel, 2011). Independently, we found that
the cumulative sum of choice of an alternative in previous choice tasks
increased the probability of choice in subsequent tasks (D). This is
consistent with the choice perseveration model (Senftleben et al., 2019)
whereby previous choices cumulatively bias a respondent such that the
likelihood of choosing an alternative increases with subsequent choices.

As discussed in our review of the literature, choice set formation
theory proposes that such heuristics may be preceded by an initial
screening step in which the set of alternatives to be further considered
is narrowed (e.g., Swait, 1984; Ben-Akiva & Boccara, 1995). Pre-de-
termined or ‘inherent’ preferences, habits and goals (Tversky & Thaler,
1990; Simonson, 2008) may drive this screening behavior. Variation in
choice set formation behavior could be further explored using visual
attention data by parameterizing the constraints as a function of visual
attention as done in our penalty approach. Future comprehensive
models should ideally extend our framework to accommodate multiple
decision-making strategies simultaneously. Similarly, interactions with
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non-health goals could be explored, for example cost-saving. Further
work should test the causal relationships between decision-making
variables we have proposed using exogenous source of variation.

Finally, our findings suggest that visual attention time does influ-
ence choice in complex ways and our model provides a means of ex-
ploring the effect of intentionally varying visual attention duration on
choice. Marketers or policy makers who wish to influence choice should
consider the potential influence that shortening or lengthening con-
sideration time may have on choice, or the influence of factors that may
affect visual attention on choice, which in our case study might affect
the healthiness of beverage purchases. For example, the removal of
SSBs from display has been found to reduce sales of these beverages and
increase sales of healthier alternatives in a real-world café setting
(Huse, Blake, Brooks, Corben, & Peeters, 2016).

The interaction of ‘top-down’ and ‘bottom-up’ processing pathways
in consumer decision-making has significant implications for business,
including in the design of product packaging (Orquin et al., 2019) and
store layout and product positioning (Valenzuela et al., 2013). For ex-
ample, observed retail practice of product positioning and consumers
perceptions of product positioning strategies have been shown to in-
teract to influence purchasing behaviour (Valenzuela et al., 2013). Not
accounting for these interactions may cause poor predictions of con-
sumer behaviour and sub-optimal category management. On the other
hand, product positioning strategies could be optimised by better un-
derstanding this interaction. For example, Valenzuela et al. (2013)
suggest initial positioning of products during an introductory period
could be aligned with consumer expectations about the position of
popular or cheaper products, which may later persist in future pur-
chases due to learning effects, even after products have been moved to
less salient (expensive) positions.

6. Conclusions

In this study, we developed an integrated model to analyze the re-
lationship between information acquisition, inferred from visual at-
tention and choice outcome while accounting for stated participant
goals and habits. We observed that the frequent practice in previous
literature of ignoring the effect of these top-down influences on both
visual attention and choice may exaggerate the role of visual attention
as a driver of choice. Most notably, we have added to the literature by
developing a model that incorporates both observed characteristics
(goals and habits) and unobserved characteristics and observed choice
history. The model developed here enables researchers to test the
guiding effect of observed and unobserved characteristics on visual
attention thus providing insight into decision-making strategies and
interventions to modify visual stimuli in health, business, and beyond.
We hope that the current study will provide a framework to help health
and non-health researchers establish the practical validity of eye-
tracking data in the context of choice modelling while accounting for
other competing influences on choice.
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