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ARTICLE INFO ABSTRACT
Keywords: Online stated preference surveys have become increasingly common in recent years. However,
Survey engagement concerns about respondents' engagement and data quality remain critical. Our study proposes a

Hybrid model
Task easiness
Latent variables
Cognitive burden

robust modelling framework that addresses the role of respondents' survey engagement while
addressing key limitations in existing approaches. We implement a hybrid modelling framework
incorporating engagement before and during the task as latent variables on data from a food
choice experiment. The models consider engagement valence and temporal aspects while ac-
counting for the order in which the task was displayed and for individual task easiness and
complexity, based on respondents' preferences. Our results show the importance of distinguishing
between the time respondents spend before and during the choice tasks, as each phase has unique
implications for how respondents process the information. Moreover, the time respondents spent
on the initial and later tasks has a different association with engagement, confirming the role of
ordering effects, experience learning and changes in decision-making strategies. Finally, we
highlight the key roles of easiness and task complexity in engagement. Such results offer insight
into how task design can influence respondent scale heterogeneity and data quality.

1. Introduction

Stated preference surveys conducted online have become more widespread in recent years. Notwithstanding their known ad-
vantages (Byun et al., 2018; Schlereth et al., 2012; Telser and Zweifel, 2009), significant disadvantages have also been highlighted
(Lindhjem and Navrud, 2011). Specifically, the use of pre-recruited online panels composed of semi-professional, recurrent re-
spondents often results in strategic time-saving behaviour, where these participants rush through the questionnaire without carefully
considering their choices (Borger, 2016; Campbell et al., 2018; Schwappach and Strasmann, 2006). Such behaviour compromises the
collected data's quality and validity (Malhotra et al., 2008).

Given the increasing reliance on data collected through online surveys, where few controls are available to guarantee respondents'
attention and engagement, it is important to guarantee that respondents actively engage with the survey, as the lack of understanding
the task or not taking it seriously could potentially result in scale heterogeneity (Hess and Stathopoulos, 2013). Engagement refers to
the individual's emotional, cognitive and physical investment in task performance (Hernandez and Guarana, 2016). In this context,
response quality depends on how thoroughly a respondent executes the process of understanding the question, retrieving the relevant
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information in their mind, integrating it to form a judgement and formulating a response (Tourangeau et al., 2000).

Engagement is conceptualised as having temporal dimensions (Li et al., 2018). Individuals tend to perceive their job - answering a
survey - as an ongoing narrative rather than a discrete instance (Hernandez and Guarana, 2016; Shipp and Jansen, 2011). Whereas
previous research has proposed different scales to measure respondents' engagement (O'Brien and Toms, 2010; Webster and Ho, 1997),
self-reported measures are not objective and require additional questions, generating a more extended survey and higher response
fatigue. Moreover, such measures cannot capture the temporal dimension of engagement and the changes in its valence. Respondents
can switch between positive and negative engagement during the survey completion, so the survey engagement valence can vary over
time (Li et al., 2018).

In low-involvement products, such as food products (Mohr and Kiihl, 2021), respondents may have limited motivation to invest
cognitive effort in the questionnaire, which increases the risk of survey satisficing—i.e., giving "good enough" answers rather than
carefully optimising each response. As Krosnick (1991) puts it, "when optimally answering a survey question would require substantial
cognitive effort, some respondents simply provide a satisfactory answer instead" (p. 213). This low-motivation mode can show up as
low engagement or attentiveness (Read et al., 2021) and as shortcuts such as speeding, straightlining/nondifferentiation, choosing the
first acceptable option, or selecting "don't know" (Zhang et al., 2014), which can add noise to stated-choice estimates.

While most studies have focused on the positive side of engagement (Brodie et al., 2019; O'Brien and Toms, 2010), limited scholarly
attention has been given to the "dark" side of engagement (Rosado-Pinto and Loureiro, 2020). Positive engagement typically involves
behaviours such as attention, approaching and retaining interest (Li et al., 2018). Such behaviours are enhanced by tasks requiring
lower cognitive complexity levels, increasing the user's performance in completing a task (Reychav and Wu, 2016). On the other hand,
lower engagement, or disengagement, is characterised by withdrawal, avoidance and refusal (Li et al., 2018). These behaviours are
accentuated by task complexity, which decreases user's interaction and participation, placing a psychological burden on participants
and influencing their disengagement (Zhang et al., 2020). Therefore, while positive survey engagement and easier tasks lead re-
spondents to be more cognitively, emotionally, and behaviorally invested in the survey, resulting in higher-quality data, lower
engagement and more complex tasks can lead to refusal and strategic time-saving behaviours, where respondents aim to complete the
task as quickly as possible without much thought.

Measuring survey engagement is challenging. Previous research has proposed using response time as a proxy for respondents'
cognitive effort and engagement, as longer response times indicate that processing is ongoing (Borjesson and Fosgerau, 2015; Rose and
Black, 2006). This approach seems especially useful as respondents' incentives to participate in online studies are frequently directly
linked to the time required to complete the surveys (Campbell et al., 2016). However, while previous studies have incorporated
response time for the entire survey or the whole choice experiment (Hess and Stathopoulos, 2013), this approach still presents a key
limitation, as it ignores the individual time taken in each choice task and any prior informative tasks. It does not consider the temporal
context of survey engagement, which is particularly concerning as temporal perceptions can significantly influence the attentional
process (Hernandez and Guarana, 2016).

Distinguishing the engagement — and the time taken-in the initial informative tasks from the engagement in the development of
subsequent choice tasks is the fundamental novelty of this paper. Engagement can vary across tasks, meaning that pre-experiment
engagement and in-experiment engagement capture distinct phases of the respondents' engagement process (Newton et al., 2019).
Different cognitive processes drive these phases. Pre-engagement reflects information acquisition, interest and comprehension of the
task, while engagement during the experiment reflects deliberation, consideration of alternatives, and decision-making.

In the stages before the experiment, the respondents become informed and familiar with the choice scenario (the context, the choice
task, the attributes and levels), as well as the concept of choice-making (Pearce et al., 2020). This stage is fundamental, as a limited
understanding of the subsequent tasks can lead to biases that affect the consistency of choices (Genie et al., 2024). In fact, initial
engagement can also influence subsequent task engagement, although it is not guaranteed that initial positive engagement will
automatically lead to greater engagement in the subsequent tasks. There is a second, simultaneous mechanism, cognitive load, which
might mitigate the initial positive engagement (Newton et al., 2019). As high engagement reflects deep thinking, it may make the
transition to the subsequent task more difficult or result in a higher cognitive burden for the respondent in the longer term. Over time,
respondents’ attention to and engagement with the survey may decrease. This decline tends to be more pronounced in repetitive tasks
(Langner and Eickhoff, 2013). Therefore, engagement at the initial stages might differ from engagement during the choice tasks, and
both may have different effects on the consistency or randomness of choices.

Given the temporal context of survey engagement, it is also important to consider the order in which each choice task is displayed to
a respondent. Previous research suggests that respondents exhibit relatively unstable preferences over the sequence of choice tasks
(Nguyen et al., 2021). According to Swait and Adamowicz (2001), for a number of tasks, a respondent will learn about the task and the
necessary effort they require; then, the application of the learned behaviour will be implemented during another number of tasks to
finally succumb to fatigue and boredom, leading to the use of heuristics. For these reasons, it is important to consider the order in
which each choice task was displayed.

Moreover, different choice tasks might vary in easiness or complexity, requiring less or more time. In fact, previous research has
shown a positive relationship between decision time and the number of attributes (Jacoby et al., 1974) — more attributes to process will
require more time. In this sense, task complexity is defined as the degree of difficulty in processing information in a decision-making
situation (Ursic and Helgeson, 1990). However, the difficulty in processing information depends not only on the quantity of infor-
mation but also on its structure — for example, the variability of attributes within and across alternatives (DeShazo and Fermo, 2002).
The same logic applies to easiness. Tasks with dominant alternatives or with alternatives that share similar features, will be easier to
compare (Shubatt et al., 2024). However, these measures alone do not include information on respondents' preferences. Alternatives
that are perceived as similar in terms of desirability will increase choice difficulty (Best and Ursic, 1987), while alternatives perceived
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as clearly superior will increase choice easiness (Shubatt et al., 2024). Therefore, including respondent preferences is key to con-
structing a meaningful measure of complexity and easiness (Swait and Adamowicz, 2001).

While using the time for each task as a proxy for engagement -while controlling for order and complexity-might overcome some of
the recently presented limitations, it remains the fact that even researcher-captured proxies can lead to endogeneity bias, as either type
of indicator is not a measure of engagement but a function thereof (Hess and Stathopoulos, 2013).

The current study provides a robust modelling framework for researchers focused on analysing scale heterogeneity in respondents'
choices within online DCE. Although the link between response time and data quality might seem obvious, several methodological
concerns arise when incorporating such measures without generating endogeneity bias (Hess and Stathopoulos, 2013). Our contri-
bution is to propose an approach that includes the effects of consumers' survey engagement in DCE estimations while jointly addressing
several methodological issues. First, following Hess and Stathopoulos (2013), we implemented hybrid model structures (Ben-Akiva
et al., 2002) in which respondents' level of engagement is treated as two separate latent variables to capture the temporal context
of engagement and address the endogeneity bias. In this case, one latent variables represents engagement before the choice tasks and
the second one during the choice tasks. Second, we implement two additional hybrid models to account for engagement, with task
easiness and complexity specified linearly and quadratically, in order to study potential nonlinear effects on engagement. Third, we
include a personalised measure of task complexity and easiness for each choice task and respondent based on their individual pref-
erences. Fourth, all latent variables representing engagement during the choice tasks are specified, taking into account each re-
spondent's response time for each choice task and the order in which the choice tasks were presented.

The remainder of this paper is organised as follows. The next section presents the methodology, followed by the empirical results
section and their discussion. The final section summarises the key findings of the paper.

2. Survey work

The survey was launched in September 2020 across 11 countries: Denmark, France, Germany, Hungary, Italy, Latvia, the
Netherlands, Slovenia, Spain, Switzerland and the United Kingdom. The respondents were selected by a third party (Cint International)
using a quota sampling approach by age and occupation by gender. Quotas were defined according to the population distribution
between 18 and 64 years old in each country (Eurostat, 2018). All participants provided informed consent before taking part in the
study.

Selected respondents were fully or partly responsible for their household grocery shopping, consciously bought organic food
products at least a few times a year and resided in one of the countries under study. The target population included only consumers of
the selected product, as survey engagement might be lower by default among non-consumers. Respondents employed in or having a
close relative working in food-related industries were excluded, as they might have more knowledge on the topic than an average
consumer.

The questionnaire was developed in English, translated into the relevant national languages, and uploaded to the Qualtrics plat-
form. The questionnaire included a hypothetical choice experiment. Incomplete and low-quality responses were dropped (i.e., those
that did not pass attention checks — instructed response and straightlining), with a final dataset of 2 366 responses obtained.

The selected product was tomato puree, as it is widely consumed and available in all 11 countries in the study (Xue et al., 2021).
Moreover, demand for it is expected to grow in the EU (European Comission, 2017). The product attributes were selected from pre-
vious literature (Bernard et al., 2009; Edenbrandt, 2018; Mandolesi et al., 2022): seed type, natural vitamin C content, origin, and price
(Table 1).

Non-hybrid seeds refer to a crop variety that is allowed to inter-pollinate freely through natural mechanisms (e.g., wind, insects,
animals, and other natural means) (FAO, 2016), in accordance with the cycles and ecological balance of Nature (IFOAM, 2020).
Moreover, farmers can save open-pollinated seeds for use in subsequent seasons, as the characteristics of the crop variety will remain
relatively stable (Fajardo Vizcayno et al., 2014). On the other hand, hybrid seeds are produced by cross-pollination of unlike parents to

Table 1
Attribute levels.
Attribute Level
Seed type Non-hybrid seeds (NH)

Hybrid seeds (H)
New genomic techniques seeds (NGT)"

Vitamin-C natural content label + vitamin C
No label
Origin National
EU
Out of EU"
Price —50% of average price

—25% of average price
+25% of average price
+50% of average price

@ Reference category.
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combine the best traits of each chosen variety, resulting in more robust, more resistant plants with higher yields (FAO, 2016).
However, this means that farmers cannot use seeds from a hybrid plant the next season to produce the same crop (Osman et al., 2008).
New Genomic techniques (NGTs) are a set of methods -such as CRISPR-based gene editing-that enable the development of new plant
varieties and seeds with desired traits by making targeted changes to the plant's genome, often without introducing DNA from un-
related species (Lusser et al., 2011; Madre and Agostino, 2017).

Regarding price, respondents were asked to report the price they usually pay for a 500-g bottle of organic tomato puree. The prices
were requested and were expressed in the local currency. If the respondent was unaware of the price, the survey provided a mean price
averaged across the main outlets (e.g., supermarkets, online) and across diverse quality levels (e.g., premium vs discounted).

Respondents were presented with 12 choice sets of two alternatives of tomato puree in a bottle of 500 g and an opt-out. Using the
Ngene software, a fractional design based on priors from a pilot survey was obtained through a D-efficient approach (D-error = 0.57).
The choice tasks and the alternatives were shown randomly to avoid ordering effects. The time and order in which each respondent
went through each choice task were accounted for.

Before the choice experiment, the participants were provided with three introductory screens. The first one introduced the choice
experiment and presented a table describing all available attributes and levels (Table 1). The second screen included an example of
how the choice task would look (Fig. 1) with a "cheap talk" to reduce the hypothetical bias (Carlsson et al., 2005; Cummings and Taylor,
1999). The third screen included information about the key aspects that differentiate the different types of seeds and their labels in the
choice experiment. The time each respondent spent on each of these screens was also measured.

3. Methodology

In the present paper, we adopt the approach presented by Hess and Stathopoulos (2013) to investigate respondents' survey
engagement/disengagement impact on scale heterogeneity, implementing three hybrid model structures (Ben-Akiva et al., 2002). This
section presents the econometric approach and the model specification.

3.1. Econometric approach

The hybrid model expands the discrete choice framework by including explicit modelling of latent factors that are usually difficult
to measure on population heterogeneity, providing a richer behavioural representation of the choice process while improving the
model's explanatory power (Ben-Akiva et al., 2002). This means that reasonably measurable characteristics (such as sociodemo-
graphics) can be combined with characteristics that are more difficult to measure (for example, psychological indicators).

The hybrid model includes a discrete choice structure and a latent variable model. Each of them consists of structural and mea-
surement components (Marquez et al., 2020). While structural components explain utility functions and latent variables in terms of
observable variables, the measurement equations link the latent variables to their indicators (Mariel et al., 2015).

The discrete choice model structure is based on the random utility theory (McFadden, 1974), in which its structural components
explain typical utility functions in terms of observable attributes. In this case, the utility for respondent n of an alternative j is:

Unj = an + Enj (1)

where & is a random variable following an extreme value distribution and V,; depends on the scale parameter for respondent n (6,),
the attributes (X,) and a vector of estimated attribute parameters §, that vary between individuals:.

an = nﬂ'"an (2)

Following Hess and Stathopoulos (2013), we hypothesise that scale varies among respondents as a function of their engagement.
The present paper includes two latent variables (a;,, a2,). The latent variables are defined in the structural models by measurable

Options
1
[ |
Seed
—_—
type
3 B ____ 3 None
Tomato purée Vitamin C jt::::::ree
L4 content L4

Sl ! Origin [ %

Price

Fig. 1. Example of a choice.
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sociodemographic characteristics (Schmid and Axhausen, 2019), which are specified as:

A = l(zlm ’Yl) + My (3)

where 1(z;,,"Y;) represents the deterministic part of the latent variable a;,, in which [ = 1, 2. Specifically, z;, is a vector of socio-
demographic variables of respondent n for the latent variable [, while Y7 is the vector of estimated parameters for each latent variable.
The random component of the latent variables is specified to follow a normal distribution, i.e. ; ~ N (0,1).

Then, we specify V;; in the utility function in Eq. (1) as:

an — e(nrxln +120a2, )ﬁ/anj (4)

That is, we define 6, = e(@n+722x) where 7, is a vector of parameters that explain the impact of the latent variable o, on the scale of
utility.

The final component of the model is determined by the measurement equations for the indicator variables. A set of indicator
measures assumed to be determined by the latent variable is used to approximate the latent variable (Grilli and Notaro, 2019). The set
of measurement equations links the latent variable to the indicator (Mariel et al., 2015). The aim is to explain the observed variables for
I, based on qp, (Hess and Stathopoulos, 2013). Therefore, the kth indicator for respondent n is defined as:

Ijjn = m(azm Qllk ) +Vn 5)

where the indicator Iy, is a function of the latent variable a;, and a vector of parameters Q,lk. The specification of the error term v,
determines the behaviour of the measurement model and depends on the assumptions regarding the indicators.

While indicators can be specified as continuous or ordered responses, in the present paper, we include only continuous indicators in
the hybrid model. In this case:

Tyn =61, + &1, ™ Qtn + Vin (6)

where 8y, is a constant for the kth indicator, ¢ I, is the estimated effect of the latent variable ;, on this indicator and vy, is a normally
distributed disturbance with a mean of zero and a standard deviation of o, . By centring the indicator on zero, there is no need to

estimate 611k:
Ly =In — I )

where Iy, is the indicators' mean. Then, using a normal density, we estimate o1, and ¢ -

Based on the assumption that the latent variable influences the value of indicators and the choice process, both are modelled
together. Thus, there is a full integration of the choice model with the latent variable. Moreover, this approach overcomes the bias of
directly incorporating the indicators into the utility function (Hess and Stathopoulos, 2013).

The log-likelihood (LL) function is composed of the likelihood of the observed sequence of choices (y,) for respondent n and the
likelihood of observed indicators. Thus, in combination, the LL function is integrated over the distribution of the random component in
the latent variable () and the randomly distributed vector of taste coefficients (3,):

LL (2 Yim o) =3 In /ﬁ [10nl )Ll gt misied) dpan ®
n

with g, ~ m($,|£2), where @ is a vector of parameters to be estimated. Since the integral does not have a closed-form solution, it is
approximated through simulation (Vij and Walker, 2016). We used maximum simulated likelihood estimation using 250 MLHS
draws.’

3.2. Model specification and estimation

In this specific case, the hybrid model framework allows us to describe how survey engagement affects the randomness (or con-
sistency) of choices, treating engagement proxy measures as latent dependent variables rather than explanatory variables. This is an
important step, as survey engagement proxies may present a correlation with other unobserved effects, leading to endogeneity bias
(Hess and Stathopoulos, 2013).

Three hybrid models were estimated. In each, all model components were estimated simultaneously using the Apollo package (Hess
and Palma, 2019) in R. While model specification details will be presented in the following sections, we introduce the three models and
their main differences here. The structure of the first model is introduced in Fig. 2 and is considered the base model. Rectangles
represent the observable components of the model, while the ellipses represent the unobservable (latent) components. Specifically, a1,
represented the engagement before the choice task and a., referred to the engagement during the choice task. p; represents the

1 Higher number of draws was not possible to estimate given the 28.392 choices, the number of random variables and the accessible RAM.
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Consumer sociodemographics (z,): Education, gender,
age, consumption frequency.

Indicators pre (I, ): cheap
talk time, attributes
introduction time, label
definitions time.

Consumers sociodemographic (z,):

. A Engagement before the
organic regulars (price, vitaminc C). T

choice tasks (a1)

shift (A)

Attributes (X) Utility (V)

Indicators during (Izk):
Engagement during the Time for 1st choice task,

choice tasks (a2) time for 2nd choice task...
12th.

Choice (Y)

Consumer sociodemographics (z,): Education, gender,
age, consumption frequency.

Fig. 2. Base model graphical representation.

influence of the engagement before the choice task on the engagement during the choice task.

Consumers' sociodemographic characteristics affect both consumers' survey engagement latent variables (a1,, a2,) and the utility
function (V). Utility is a function of observed attributes X,,. A latent engagement factor (captured by a1,,a2,) rescales utility, and the
latent factor also explains the indicators Ik, and Ip,.

The second model (Fig. 3) is based on the first model, with the addition of including the ease of completing each choice task for each
respondent as an explanatory variable in az,. The ease of completing each choice task was modelled using both linear and quadratic
terms to explore the possibility of a non-linear relationship.

In the third model (Fig. 4), as in the previous models, a; , represented the latent engagement before the choice task and a,, refers to
the latent engagement during the choice task. Then, instead of including task easiness as an explanatory variable, the third model
includes task complexity, as previous research shows that increasing task complexity may induce changes in information processing
(Spinks and Mortimer, 2016). Complexity is operationalized following Swait and Adamowicz (2001), including both linear and
quadratic terms. The discrete choice model specification was the same for all three models.

3.2.1. Specification of the utility function for choice model
Based on Egs. (2) and (4), in our specific case, Vy; is defined as:

Vij = 0 ((xNo,,e + (Bprice + A Organic price, ) *Prices; + K yggiona, ™ Nationaly + 1 gy, * EUnj + 1 yon_pypria, * Non — hybridy; ©
+ 1 ypria, < HYDTidnj + (yisamin ¢, -+ A OTZANIC yiggmin ¢, ) * Vitamin an)

where anone is the alternative specific constant for the "none" alternative, and Price, Origin, Seeds and Vitamin C, are the choice at-
tributes described in Table 1. The price parameter was assumed to be non-random for simplicity and was entered into the utility
function in Euros. The dummy-coded variable National »; equals 1 when the tomato puree comes from a national origin and 0 other-
wise. The remaining attribute variables were coded following the same logic. The random parameters | ygionai, s M £u, +  Non—hybrid,
H rybrid, @04 Pyiggmin c,» Were assumed to be normally distributed to allow both positive and negative preferences for each attribute, as
well as heterogeneity among respondents’ marginal utilities.

Two additional sociodemographic interactions were introduced as shifts in the means. Specifically, a shift in the price sensitivity
(A Organic price,) and Vitamin C preference (A Organic vigmin ¢,) for regular organic consumers, which are defined as those respondents
who buy at least 50% of their food as organic. This decision was made since regular organic consumers might be more willing to pay for
organic products than occasional consumers and prefer less processing and more "natural" or "untouched" products than those with any
alterations or additives (Aertsens et al., 2009; Mandolesi et al., 2022; Zander et al., 2015; Zanoli and Naspetti, 2002).

3.2.2. Specification of the latent variables

All three hybrid models presented two latent variables. In all three hybrid models, the first latent variable (a1,) corresponded to
engagement before the choice experiment, when instructions and key information about the choice experiment were provided to the
respondents. The second latent variable (az,) refers to the respondent's survey engagement during the choice experiment when re-
petitive tasks are faced.

We carried out an extensive specification search for possible sociodemographic variable interactions for the latent variables. As a
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Consumer sociodemographics (z,): Education, gender,
age, consumption frequency.

Indicators pre (I, ): cheap
talk time, attributes
choice tasks (1) introduction time, label
definitions time.

Consumers sociodemographic (z,): Engagement before the
organic regulars (price, vitaminc C).

shift (A)

Attributes (X) Utility (V)

Indicators during ()
Engagement during the Time for 1st choice task,

choice tasks (a2) time for 2nd choice task...
12th.

Choice (Y)

Consumer sociodemographics (z,): Education, Easiness (z;): Task easiness,
gender, age, consumption frequency. squared task easiness.

Fig. 3. Second model graphical representation — including ease to complete each choice task.

)

Cor iod Nograg
age, consumption frequency.

(z,): Education, gender,

i

- " i Indicators pre (I, ): cheap
Consuiners socicdemographic(x): Engagement before the talk time, attributes
arganisregulars (price/vitamine Cl; choice tasks (a1) introduction time, label
definitions time.

shift (A)

Attributes (X) Utility (V)

:

Indicators during (I3, ):
Engagement during the Time for 1st choice task,
choice tasks (a2) time for 2nd choice task...

Choice (Y) 12th.
Consumer sociodemographics (z,): Education, Complexity (z;): Entropy, squared entropy,
gender, age, consumption frequency. cognitive burden, squared cognitive burden.

Fig. 4. Third model graphical representation — including task complexity indicators.

result, the following sociodemographic variables were included: whether a respondent has a university degree ("Y1, .o Y 25icaion)s
female gender ( Y1,,,.5 Y 24mq.)» 38€ between 18 and 24 years old (Y1, 15 505 Y 24, 15.24)»> 38€ between 25 and 34 years old (Y1, 55 25
Y2 25.24)> @g€ between 35 and 44 years old (Y1, 5 45 Y24 35.4,) @and whether a respondent purchases processed food products
(Y Liregueneys Y 2pregquency )+ Additionally, we included the influence of initial engagement (@1,) on the engagement during the choice task
(a,) through p,. Therefore, in the base model, the structural equations for each the latent variables are:

1, = Y - Education, + Yy, * Female, + Y1, . ,,*Age 18 — 24, + Y1, .., *Age 25 — 34, + Y, ., ., *Age 35 — 44,
+ Y lprugueney ™ Frequencyn +m
(10)
a2, = Yo Education, + Yo, . * Female, + Yo, . ,,*Age 18 — 24, + Yy, .. ., *Age 25 — 34, + Yy, .. ., “Age 35 — 44,

Y 2egueny * Frequency, + prray, +1,
(1)

3.2.2.1. Inclusion of task easiness as an explanatory variable and its empirical calculation. Although across all models a;, and a3,
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correspond to the same concept, the specification of a,, varied between the models. Specifically, in the second model (Fig. 3), a linear
and quadratic specification of the ease of performing a task is included as an explanatory variable of ay,:

aZn = 'YZEdumtian * Education" + 'YzFemale* F emalen + ,YzAgE 18-24 *Age 18 — 24" + 'YZAge 25-34 *Age 25— 34“ + 'YZA«e 35-44 *Age 35— 44"

+ Y 2pyueney * Frequency, + pan, + Yo, *Ease n + Y *Ease? + 1,

‘Fase2

(12)

The construct of easiness is based on Shubatt et al. (2024), in which options are easier to compare in two situations: 1) when they
are closer to dominance and 2) when they have similar features. The idea behind this is that comparisons of alternatives require
aggregating trade-offs across attributes; more similar options will require fewer trade-offs, as the respondent can divert their attention
from similar features, making it easier to compare the differences between alternatives (Rubinstein, 1988; Tversky and Edward Russo,
1969). As a result, Shubatt et al. (2024) proposed the ease of comparison as an increasing transformation H of the value dissimilarity
ratio:

== a3

where d(x,y) = 3| B (xx —«)| is the L; distance between x and y in value-transformed attribute space, U(x) = " fxx, and U(y) =
2B

In other words, the numerator represents the value difference between the two alternatives, while the denominator is a distance
metric measuring their dissimilarity. Note that the utility functions in the numerator include f, which is a vector of unknown attribute
weights. Several approaches could be used to specify g, such as assigning equal weights to all attributes or using priors from other
studies. However, implementing equal weights is unrealistic, as not all attributes are valued in the same way. Moreover, using priors
from other studies or precedent estimations results in mean values, ignoring respondent's heterogeneity. For this reason, innovating
from previous studies, we used the conditionals estimates obtained for each respondent from a mixed logit estimation on the same
dataset and assigned to each respondent their correspondent . This approach allows us to approximate the different weights that
diverse respondents gave to the different attributes.

3.2.2.2. Inclusion the complexity as an explanatory variable and its empirical calculation. The third model (Fig. 4) includes the same
explanatory variables from the base model for a;,, while for engagement during the choice tasks (a5,), complexity is also included as a
explanatory variable. Following Swait and Adamowicz (2001) and based on information theory (Soofi, 1994; Soofi and Retzer, 2002),
task complexity can be approximated through a measure of information content or uncertainty in the decision-making process. Thus,
the resulting approximate uncertainty (or entropy) measure, in a C, set of alternatives i, in the r replication - or, as in our case, the
number of the choice task-is:

H= - z(X)n[z (X)) 14

i€Cp
where, X is a vector of product attributes in each r* choice task and f?{ is the probability of choice with the following form:

,?l( (X) = M (15)
> exp (X))
j=Cr

where f is a vector of unknown attribute weights. Following the same approach for estimating task easiness, we used the conditionals
estimates obtained for each respondent from a mixed logit estimation on the same dataset and assigned to each respondent their
correspondent S.

—=@=F3se =—=@=Entropy
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Fig. 5. Average easiness and entropy for each choice task.
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The average easiness and entropy per choice task were calculated and presented in Fig. 5. Besides the second choice task, in which
both measures are close to 0.5, easiness and entropy mirror each other. When easiness is high (for example, choice task number 6 or
11), entropy is low, and vice versa.

According to Swait and Adamowicz (2001), based on this entropy approximation, it is also possible to define a proxy for cumulative
cognitive burden:

Oforr=1

~ r—1 —~
V= ZH’forr:Z,...,R (16)
=1

where r represents the number of the choice task, R is the total number of choice tasks seen by each respondent, and H" is the entropy of
the r* choice task.
Therefore, the structural equation for the second latent variable in the third model specification is:

a2, = 'YZEducanan * Education" + 'YzFemaIe* F emalen + ’YzAge 18-24 *Age 18 — 24" + 'YZAge 25-34 *Age 25— 34" + 'YzAge 35-44 *Age 35~ 44”

—~ —~2 ~ ~9
- * * - P - s - P - s
+ YZFNWM,V g Frequency ntpron, YzEWﬂPy “H + YZEnmzpyZ Hrn + YZCumulnnvE cognitve burden Wn+ YZ l//rn +1y

‘Cumulative Cognitive Burden?2

a7)

3.2.3. Specification of the measurement model

For the measurement model of the base hybrid structure, three indicators were explained based on «;,. Each indicator corresponded
to the time each respondent took for each of the following tasks before starting the choice tasks: 1) familiarising with the list of at-
tributes, 2) reading the cheap talk and 3) reviewing the definition of the labels included in the choice experiment. The latent variable
during the choice tasks (as,) is specified considering the time each respondent spent for each choice task, according to the order in
which they were displayed.

Following Hess and Stathopoulos (2013), all the time measures were transformed into their natural logarithm to obtain superior
performance compared to the not transformed value. The time indicators follow a continuous specification with { as the estimated
parameter that measures the impact of the latent variable on the time indicators. The random component was specified to follow a
normal distribution. This approach allows us to measure the scale heterogeneity simultaneously for all time-related issues and order.

Table 2
Estimation results — for the choice model component (part I).
Engagement base model Engagement + Easiness Engagement + Complexity

Respondents 2366 2366 2366
Observed choices 28392 28392 28392
Log-likelihood (full model) —53801.2 —53516.30 —53351.57
Log-likelihood (choice) —24140.62 —23885.71 —23700.65
Adjusted Rho2 (choice) 0.226 0.234 0.240
AIC 107720.4 107154.6 106829.1
BIC 108060.8 107506.5 107192.6
Variable Estimate Rob.t-ratio Estimate Rob.t-ratio Estimate Rob.t-ratio
o None' -1.155 —9.889 —1.148 -8.919 —3.060 —7.241
B price —0.581 ~16.290 —0.588 ~12.567 -1.157 ~9.542
B National 1.141 18.618 1.133 9.364 1.930 12.138
p e’ 0.958 18.122 1.006 10.419 1.667 11.426
} Non-hybrid' 0.711 12.385 0.671 7.693 1.157 8.934
p Hyb,;d° —0.053 —1.104 —0.018 -0.371 —-0.214 —2.083
K vitamin € 0.496 10.904 0.535 9.470 0.981 8.372
S National 1.426 20.100 ~1.389 -9.607 2.699 12.796
s gy’ 1.107 18.644 1.005 8.920 1.758 9.668
S Non-hybrid' 1.451 20.933 1.360 10.465 2.748 12.948
S Hybrid —1.326 —20.585 —1.207 —8.780 —2.501 —11.825
S Vitamin C —1.257 —22.293 —1.309 —11.519 —2.307 —13.078
A Organic price 0.110 2.555 0.124 2.499 0.266 2.229
A Organic Vitamin C —0.520 —4.539 —-0.371 —2.392 —1.089 —4.144
T 0.767 4.540 —9.415 —3.950 17.026 2.859
Ty —0.308 —7.732 —0.451 —7.372 —0.508 —8.290
P 2.087 4.012 —20.806 —3.537 33.489 2.859

@ Reference category: Alternative constant.
b Reference category: Outside Europe.
¢ Reference category: NPBT seeds.
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4. Results

The hybrid choice model components and the model fit are presented in Table 2. The first model is considered the base model of
engagement. The second model (Engagement + Easiness) builds on the first model, including task easiness as an explanatory variable
of the engagement during the choice task. The third model (Engagement + Complexity) also builds on the base model, including a set
of proxy measures of complexity as explanatory variables for engagement during the choice task. The likelihood ratio test indicates
that the model fit significantly improves when adding easiness (LR(2) = 569.8, p = 1.86e~2%) or the complexity indicators (LR
(4) =899.26, p = 2.41e 1°%) compared to the engagement base model.

Results from the hybrid choice model components show that most parameters (except the hybrid seeds) were statistically signif-
icant for all three models' attributes. As expected, the price coefficient was significant and negative. The national and EU origin co-
efficients were statistically significant and positive, indicating a clear preference for national and EU origin over non-EU products. The
coefficient for non-hybrid seeds was significant and positive, indicating that respondents derived greater utility from non-hybrid seeds
than from New Genomic techniques seeds. These results align with previous studies showing that organic consumers are generally
against genetically modified products (Andersen et al., 2015; Edenbrandt, 2018).

The hybrid seed type is only significant and negative in the model including complexity, showing that, while in the base model and
the one including easiness, respondents are indifferent between hybrid seeds and New Genomic Techniques seeds, when task
complexity is included, respondents prefer New Genomic Techniques seeds over hybrid seeds. Such a result might hint that the seed
type attribute added complexity to the task, as the preferences for other attributes remain stable. More complex tasks lead to more
random choices (Mattmann et al., 2019). So, respondents probably had difficulty distinguishing between the two seed types (hybrid vs.
New Genomic techniques), even though their differences were initially introduced. For this reason, in the initial models, there are no
significant differences between the two seed types. However, when accounting for task complexity and cognitive burden, the true
preferences emerge.

While the preference for New Genomic Techniques seeds over hybrid seeds is a surprising result, the reason might be that hybrid
seeds were introduced to the respondents as seeds that cannot be resown. This might have influenced their responses. On one hand,
making the distinction between the two seeds types more complex. On the other hand, highlighting the importance for consumers of
the organic Fairness principle, given the potential limited access to smaller commercial seed companies and producers, also threatens
food security (Adhikari, 2014; Bonina and Cantliffe, 2004). Moreover, previous studies have shown that consumers do not always see
the crops from New Genomic Techniques as the worst alternative (Tanaka, 2017), as 'hybrid' appears more "manipulated" than
genomic techniques that promise to "mimic naturally occurring processes".

The coefficient for the natural presence of vitamin C was significant and positive. However, the significant standard deviations for
all the attributes revealed that the preferences for origin, seed type and vitamin C content varied among respondents.

Looking at the role of sociodemographic variables, regular organic consumers are less sensitive to price (A Organic price) in all three
models and present a lower preference for additional Vitamin C (A Organic yitamin ¢)- While previous studies concluded that consumers
value additional nutritional content positively (Bernard et al., 2009), especially when labelled as natural, organic consumers are quite
attached to naturalness, perceiving it as 'sacred' (Scott et al., 2018; Siegrist et al., 2016). In this view, if Nature is minimally altered, it is
seen to be polluted or contaminated. For these consumers, "organic" is linked to the idea of "natural" and "not manipulated" products
(Aerni, 2009; Zanoli and Naspetti, 2002).

The parameter 71 measures the impact of the latent variable ; (initial engagement) on the scalar of the utility function. In the base
model and the model including complexity, the estimate is positive and significant at the 1% level, implying that increases in latent
engagement before the choice task positively affect the scalar, leading to more consistent choices. However, in the second model
specification, including task easiness, t; remains significant but negative. This outcome, combined with the negative parameters of o;

Table 3

Estimation results — for the structural equation for the latent variable a; (part II).
Variable Engagement base model Engagement + Easiness Engagement + Complexity

Estimate Rob.t-ratio Estimate Rob.t-ratio Estimate Rob.t-ratio

Y Education Before —0.032 —0.457 0.064 0.939 —0.082 —1.372
Y Gender Before 0.150 2.012 —0.103 —1.488 0.166 2.205
Y Age 18-24 Before —0.356 -3.221 0.222 2.833 —0.364 —3.823
Y Age 25-34 Before a —0.218 —2.240 0.191 2.094 —0.203 —2.081
Y Age 35-44 Before a -0.121 —-1.273 0.164 2.763 —-0.272 —3.623
Y Frequency Before 0.011 0.117 —0.085 -0.973 0.019 0.249
C Intro-attributes 0.126 5.945 —0.108 —5.368 0.112 5.940
€ Intro cheap talk 0.084 4.878 —0.076 —4.489 0.071 4.473
C Intro definitions 0.101 6.041 —0.103 —6.082 0.095 5.719
O Intro-attributes 0.589 25.681 0.592 25.936 0.591 25.895
G Intro cheap talk 0.507 20.710 0.508 20.892 0.508 20.872
G Intro definitions 0.545 27.733 0.545 27.848 0.546 27.725

@ Reference category: Above 45 years old.
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(Table 3), indicate that the estimated orientation of ; and its related estimators (t; and p;) in this model is reverse in compared to
models 1 and 3. For consistency purposes, we still refer to ; as initial engagement, keeping in mind its reverse orientation compared to
the other two models. This means that for all models, lower initial engagement is associated with more random choices. Such results
are in line with expectations (Hess and Stathopoulos, 2013).

On the other hand, the parameter 7, measures the impact of the latent variable a5 on the scalar of the utility function. The estimate
is negative and significant for all models, indicating that increases in engagement during the choice experiment negatively affect the
scale of the utility function, making choices more random. While such a result might seem counterintuitive, it is important to consider
that, because engagement is measured by the time spent on each choice task, the latent variable might capture not only engagement
but also aspects related to uncertainty and cognitive effort, which could lead to more random choices.

The influence of the initial engagement on the engagement during the task (p;) is significant at 1% and positive in the base model
and the model including complexity, while negative in the model specification including task easiness. These results indicate that
initial engagement can influence engagement during the task. Specifically, in models 1 and 3, higher initial engagement positively
influences engagement during the task. In the second model (including task easiness), the negative p; has to be interpreted taking into
consideration the reverse orientation of @;, meaning that lower levels of initial engagement negatively influence engagement during
the task.

Table 3 presents the parameters of the structural equation and the measurement component for the latent variable a; for all three
models. In the base model and the model including complexity, we observed a higher value for survey engagement before the choice
tasks for female respondents compared to their male counterparts. Moreover, in all model specifications, younger respondents, be-
tween 18 and 34 years old ("Y1, 15 5> Y14 25.24)> Dresented a lower initial engagement, in this base model, compared to respondents
older than 35 years old, while in the second (Engagement + Easiness) and third model (Engagement + Complexity), also respondents
between 35 and 44 years old ("Y1, ,; ,,) present lower initial engagement compared to respondents above 45 years old.

Table 4
Estimation results — for the structural equation for the latent variable a, (part III).
Variable Engagement base model Engagement + Easiness Engagement + Complexity
Estimate Rob.t-ratio Estimate Rob.t-ratio Estimate Rob.t-ratio

Y Education During 0.053 0.499 0.098 0.913 0.048 0.478
Y Gender During 0.062 0.580 0.129 1.201 0.041 0.402
Y Age 18-24 During —0.002 —0.015 —0.155 —0.944 —0.046 —0.306
Y Age 25-34 During —0.058 —0.414 —0.038 —0.268 —0.061 —0.467
Y Age 35-44 During a —0.158 —1.143 -0.114 —0.845 —0.034 —0.257
Y Frequency During —0.029 —0.262 0.153 1.403 —0.039 —0.378
Y Easiness - - 3.587 4.373 - -

Y Easiness squared - - —5.258 —6.121 - -

Y entropy - - - - 9.472 9.503
Y entropy squared - - - - —9.082 —7.677
¥ Cognitive Burden - - - - —0.183 —1.884
Y Cognitive Burden squared - - - - 0.091 3.755
C Time cset1 0.162 4.356 0.018 3.531 0.011 2.917
€ Time cset2 0.183 4.403 0.020 3.561 0.012 2.913
€ Time cset3 0.204 4.400 0.022 3.536 0.014 2.940
C Time cset4 0.195 4.363 0.022 3.507 0.013 2.958
€ Time csets 0.190 4.425 0.021 3.533 0.013 2.945
€ Time cset6 0.196 4.473 0.022 3.520 0.013 2.951
C Time cset7 0.197 4.413 0.022 3.480 0.013 2.934
€ Time cset8 0.196 4.326 0.022 3.540 0.013 2.975
€ Time cset9 0.208 4.449 0.023 3.524 0.014 2.955
€ Time cset10 0.206 4.487 0.022 3.482 0.014 2.946
C Time cset11 0.195 4.397 0.021 3.471 0.013 2.937
C Time cset12 0.197 4.512 0.022 3.464 0.014 2.954
6 Time cset] 0.615 27.821 0.612 27.887 0.614 27.999
G Time cset2 0.549 26.584 0.547 26.487 0.548 25.907
G Time cset3 0.514 23.634 0.517 24.146 0.514 23.644
G Time csetd 0.517 24.397 0.516 23.749 0.517 23.425
G Time cset5 0.499 19.244 0.497 19.498 0.499 19.264
G Time cset6 0.486 20.178 0.483 20.510 0.488 20.348
G Time cset7 0.478 23.195 0.477 22.986 0.477 22.894
G Time cset8 0.438 23.806 0.433 24.797 0.438 23.751
G Time cset9 0.548 18.487 0.545 19.037 0.547 18.636
G Time cset10 0.466 27.888 0.471 27.190 0.467 27.654
G Time cset1l 0.497 28.834 0.498 28.334 0.496 28.566
G Time cset12 0.513 20.942 0.508 20.398 0.508 21.672

@ Reference category: Above 45 years old.
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Two possible explanations arise for why, in all models younger respondents exhibit lower engagement before starting the choice
tasks. On the one hand, younger generations have a shorter attention span (Serbanescu, 2022), paying little attention to instructions or
skipping them entirely (Brosnan et al., 2019). On the other hand, as the latent variable indicators are based on the time spent reviewing
the information before the choice task, these results might actually indicate that younger people require less time, given their fa-
miliarity with online surveys (Wu et al., 2022; Yan and Tourangeau, 2008). Having a university degree ("Y'1,,,...) and consuming
frequently processed food products ('Y1,,,,,,) wWere not significant in any of the models.

Results from the measurement model for the latent variable a; show in all models that increases/decreases in initial engagement
are associated with increases/decreases in the time respondents spent in familiarising themselves with the attributes included in the
choice experiment (£}, .u..)> the "cheap talk” screen with the instructions ({1, .., ) @d reading the definitions of the labels used

in the discrete choice experiment ({3, ,......)- Meanwhile, the parameters 61,,,, e © capture the variance of

Lintro—cheap tatk > O Lintro-definitions
their respective indicators.

Table 4 shows the parameters of the structural equation and the measurement component for the latent variable a, (engagement
during the choice tasks) for all three models. Neither sociodemographic characteristic was significant in any of the models. However,
the proxies included in the Easiness and Complexity model were highly significant and present interesting results.

Regarding the second model with the easiness indicators, the results indicate that easier tasks generate more engagement during
the choice experiment ({5, . ). However, the relationship between engagement and task easiness is not linear. As the task easiness
increases, so does the engagement, but only until a certain point, at which too easy tasks decrease the engagement ({z,....... .uurea) (F18- 6)-
While initially such a result might not seem intuitive, it is important to remember that choice tasks are repetitive tasks, which, ac-
cording to previous research, tend to lead to less engagement when their complexity is low or too cognitively demanding (Langner and
Eickhoff, 2013).

Concerning the third model and the complexity indicators, the results indicate two distinct yet simultaneous processes. On one
hand, tasks with higher levels of information entropy (uncertainty) increase the latent engagement during the choice tasks ({3, )-
However, also in this case, the relationship between latent engagement and entropy is not linear. Higher levels of information entropy
might actually lead to a decrease in the engagement((y,, ). These results are consistent with Streufert et al. (1967), who

concluded that as information load increases, strategic integrated decision-making initially increases until a point, then decreases. In
other words, as a task gets more complicated, respondents can become engaged by making trade-offs and evaluating attributes;
however, at some point, the greater focus and effort required to perform the task leads to a decrease in their engagement (Fig. 7).

On the other hand, we have cognitive burden ({5, ... .. )> indicating that higher cognitive burden is associated with lower latent
engagement. However, as the cognitive burden rises, the engagement increases ({3, ... puer ) S COgNItiVe burden is operation-
alized as the cumulative entropy of the tasks, this means that as respondents go through the choice tasks, they accumulate cognitive
burden, which will also be associated with higher engagement. While this might initially seem counterintuitive, the result follows the
same pattern identified by Streufert et al. (1967) for general unintegrated decision-making, which first decreases and then increases
with increasing information load. Such results may indicate that, in the absence of initial knowledge about the task, respondents
engage in mental search processes to select appropriate strategies to perform the task, which increases their cognitive burden but
decreases their engagement, as cognitive capabilities are focused on the search for these processes (Kalyuga, 2010). However, as
respondent moves ahead across the tasks and with the increase in cumulative cognitive burden, respondents explore shifts in their
decision-making strategies — potentially relying on heuristics to simplify choices - which leads to a marginal reduction of effort in each
task but allows respondents to stay engagement(Czajkowski et al., 2014; Swait and Adamowicz, 2001).

Regarding the measurement model for the latent variable a3, all models show that increases in latent engagement during the choice
tasks are associated with increases in the time taken in each choice task. Moreover, the time estimates for the choice tasks exhibit a
steady trend after the third task. The estimates for the first two tasks are lower than the trend of the remaining estimates, indicating
that spending more time on the later tasks has a greater impact on consumer engagement compared to spending more time on the
initial tasks.

These results partially support the role of ordering effects in which respondents exhibit relatively unstable preferences over the
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Fig. 6. Non-linear relationship between easiness and engagement during the task choice.
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sequence of choice tasks (Nguyen et al., 2021). Specifically, higher response times for the initial choice sets displayed to any
respondent will be associated with learning effects, given that these are the most difficult ones for the respondents (Carlsson et al.,
2012; Hess et al., 2012). Then, a respondents understand the task, the time they take to complete it could decrease (Spinks and
Mortimer, 2016). However, according to our results, spending more time on the following choice tasks indicates that the respon-
dent is more likely to be engaged in the survey. In this case, time can be perceived as a proxy for cognitive effort (Borger, 2016;
Borjesson and Fosgerau, 2015; Yan and Tourangeau, 2008), which means that a respondent invests more time and effort to understand
or read and make the necessary trade-offs to achieve their decision, increasing also their engagement.

It is important to highlight that the estimators for the choice task indicators in the second (Easiness) and third (Complexity) models
are lower than the same estimators in the base model. Such a result might indicate the key role that task easiness and complexity have
on respondents' engagement and choice consistency (Shubatt et al., 2024; Swait and Adamowicz, 2001).

5. Conclusions

The findings of this study offer valuable insights into understanding the role of respondents' engagement in online discrete choice
experiments while addressing key limitations in existing approaches. We implement a hybrid modelling framework that incorporates
engagement as latent variables, while accounting for valence and temporal aspects of engagement, task order, ease and complexity.

Our results highlight engagement as a dynamic process, which can be distinguished between the phases before and during the
choice tasks, as each phase has unique implications for how respondents process information and, subsequently, the consistency of
their decisions. Such distinction aligns with previous research (Hernandez and Guarana, 2016; Langner and Eickhoff, 2013; Li et al.,
2018) on how engagement fluctuates across different tasks developed over time and the effect of repetitive tasks. Our study extends
these findings to the area of online discrete choice experiments and their impact on choice randomness. Specifically, our results show
that while higher positive values of latent engagement are associated with taking more time before and during the survey, latent
engagement before the choice task has a different effect on the randomness of choices than latent engagement during the task.

Respondents with a more positive value for latent engagement before the survey make more consistent choices and are more likely
to take more time to familiarise themselves with the cheap talk and the description of the labels used in the choice experiment. Such
results highlight the importance of the introductory section of the discrete choice experiment, indicating that introductory information
(e.g., cheap talk) should be clear and concise to avoid overwhelming the respondent. Moreover, when dealing with food choice,
because staple food products (even organic) are often relatively low-involvement, respondents may enter the experiment with weaker
intrinsic motivation, making engagement management (especially in the introductory materials) particularly important to limit sat-
isficing and preserve decision consistency throughout repeated choice tasks (Krosnick, 1991; Mohr and Kiihl, 2021).

Engaged respondents during the choice experiment, on the other hand, make less consistent choices, even if they are also more
likely to take more time to complete the choice tasks. Such results were also observed by Fraser et al. (2021), who found evidence of
preference instability not necessarily related to low levels of respondents engagement, but uncertainty. In our case, as engagement
during the choice task is measured by the time spent on each choice task, the latent variable might capture not only engagement but
also aspects related to uncertainty and cognitive effort. Such effect is incorporated into our analysis through the two hybrid model
structures that measure task easiness and complexity.

The resulting estimates for task easiness (Shubatt et al., 2024) show that too easy a choice task or too difficult might decrease
engagement as well. This means that, during repetitive tasks, respondents need some challenge or might risk losing engagement.
However, such challenges should be contained according to the capabilities of the selected respondents, as tasks that are too hard
might also generate lower engagement.The same notion is supported by the entropy of information, as too little or too much entropy is
also associated with lower engagement.

The incorporation of the complexity measures (Swait and Adamowicz, 2001) allow us to demonstrate that the decision-making
processes changes during the development of the choice experiment. Specifically, the estimates related to the cumulative cognitive
burden show that, initially, increases in cognitive burden are associated with lower engagement during the survey. When respondents
are exposed to the initial tasks, in the absence of knowledge and familiarity with the task, respondents must develop their own metal
processes to identify the best strategies to perform the task (Kalyuga, 2010). This process requires high cognitive effort, but direct
mental resources to the search of such strategies instead of the choice, initially reducing the engagement. In fact, by separating the full
time spent to complete the choice experiment into the time taken to complete the different choice tasks, it is possible to identify that the
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time taken to complete the initial choice tasks have a lower weight on engagement and the increased randomness of choices, probably
linked to the learning effects. As the way decisions are made at this stage might differ from the following tasks, it might be wise to
include one or two additional practice choice tasks at the beginning of the choice experiments so that consumers can familiarise
themselves with the task without decreasing the data quality.

As respondents progress through choice tasks, they collect more information on the possible trade-offs in each choice task,
increasing their engagement. However, due to the perceived higher complexity of choice tasks and accumulated cognitive burden,
respondents experience fatigue, which may prompt changes in information processing and decision making (Czajkowski et al., 2014;
Spinks and Mortimer, 2016; Swait and Adamowicz, 2001). In order to simplify their choices, respondents switch from strategic in-
tegrated decision-making to general unintegrated decision-making — relying on alternative strategies as heuristics (Lee and Lee, 2004;
Streufert et al., 1967). While this change allows the respondents to keep engaged with the choice task, moving to more heuristic
choices leads to more inconsistent choices (DeShazo and Fermo, 2002; Fraser et al., 2021; Swait and Adamowicz, 2001).

Although these results seem to indicate that higher engagement during the task may lead to more random choices, such outcome
should be interpreted with caution. A respondent engagement should not be limited to their investment in the task (Hernandez and
Guarana, 2016), but should also take into account additional factors that might influence it, such as the easiness of the task, infor-
mation entropy and cognitive burden (DeShazo and Fermo, 2002; Swait and Adamowicz, 2001). Moreover, it is important to keep in
mind that these factors are specific to each individual, so in our case, they have been integrated into the respondents' preferences
through the conditionals of a previously estimated model, allowing us to capture the individual variation in their perception of task
easiness and complexity, enhancing the precision of our model. Such results offer novel insights into how task design can influence
respondent choices and data quality, especially when dealing with food choices.

Despite the contributions of the present paper, several limitations arise. First, as the response time is measured on a click-by-click
basis, there is no way to ensure that the consumer is not exposed to distractions or multitasking when compiling the choice experiment
(Zwarun and Hall, 2014). As all response times are included as a continuous variable, it is not possible to warrant respondents who
require significantly more time because of being faced with other distractions (Campbell et al., 2018). We believe the study can be
extended by including additional controls for response times that are too prolonged, as they might be a sign of less engaged
respondents.

Second, although this study includes different national settings, it is important to highlight that it examined only one empirical
context: a specific product's food choice. We believe the impact of response time, ordering effects, easiness and complexity introduced
in this study should be of wider interest also for other research areas, as well as the separation of engagement before and during the
choice tasks. However, there is no certainty that respondents' decision processes won't change among diverse products (Fraser et al.,
2021), so future research should inspect various settings and choice contexts. For example, could considering response time have a
different effect on models related to transport or health contexts? Health contexts might face more complex decisional processes, for
example. Further research is necessary to analyse possible diverse outcomes and address the role of extreme response times, cognitive
effort and their effect on the parameter estimates.
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