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Introduction: Unhealthy food consumption is a problem for society, companies,
and consumers. This study aims to contribute to knowledge regarding such
issues by investigating how technology-enabled healthy food labels can impact
food choice in an online grocery store context. We conceptualized unhealthy
and healthy food choice as a matter of impulsivity problems. Three technology-
enabled healthy food labels were derived based on variables that might impact
self-control, and their influence on food choice was investigated.

Methods: The empirical study consisted of three parts. In the first part,
participants’ impulsivity was measured using an adjusting delay task. Part
two investigated the effects of self-monitoring, pre-commitment, and social
comparison-based technology-enabled healthy food labels on food choice in
a hypothetical online grocery shopping setting using a choice-based conjoint
experiment. Lastly, in the third part, three where demographical questions were
asked.

Results: The results (n = 405) show that self-monitoring, pre-commitment,
and social comparison-based technology-enabled healthy food labels had the
most to least impact on food choice in that order. Furthermore, the results
indicate that self-monitoring and pre-commitment labels had more impact on
the choice for impulsive compared to non-impulsive participants. Similarly, the
results indicate that social comparison had more impact on choice for non-
impulsive participants. These findings suggest that self-monitoring of previous
healthy food choices might be more effective than pre-commitment based on
discounts for healthy food products. However, these differences were minor.
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Discussion: This finding has managerial implications as grocery stores might
increase their revenue by introducing self-monitoring labels in an online grocery
shopping setting. Future research should investigate these technology-enabled
healthy food labels in natural food purchase settings.

consumer behavior, technology, food

impulsivity

1. Introduction

Obesity is a problem worldwide. There is an increasing
number of obese individuals across age, sex, geographical location,
ethnicity, and socioeconomic status (1). There are now more
obese than underweight individuals (2). It is associated with
numerous diseases (3) and is a significant economic burden for
society (4). Furthermore, a large body of evidence suggests that
the food environment impacts obesity (5). As a result, the food
industry is now receiving pressure from governments worldwide
to decrease sales of unhealthy food products. This may lead
to stricter government policies, such as introducing nutritional
warning labels on food products if retailers, food manufacturers,
and marketers do not adapt. In addition, it may limit consumers’
product options. In contrast to this hard strategy, companies may
nudge consumers to purchase healthier options without restricting
their food choices by altering the purchase situation (6). One
proposed strategy for increasing healthier food choices is simplified
front-of-package food labels (7) that signal how healthy a food
product is. However, such labels do not always increase healthy
food purchases, although such labels do help consumers identify
which products are healthy (8, 9). Further, such labels may impact
people that are obese differently than people who are not obese (10).
Hence, identifying possibilities of new healthy food labels may be
one way to increase healthy food purchases, and this has academic,
managerial, and societal value.

Technology-enabled labels that present specific information
may help consumers to commit to healthier food options over
unhealthier food options. Specifically, they may be presented to
increase healthy food purchases. These technology-enabled healthy
food labels may provide personalized, dynamic, and real-time based
information regarding the healthfulness of products in point-of-
purchase situations (11). For instance, Shin et al. (12) investigated
the effects of dynamic displays of technology-enabled labels on
healthy food purchases in an online grocery store setting. They
found that these labels were effective in increasing healthy food
purchases. Furthermore, Fuchs et al. (13) investigated the effects
of tailored food labels on self-reported intention to use and
performance expectancy. Specifically, different scores regarding
healthy foods were given depending on gender, age, physical
activity levels, and body-mass index of participants. They found
that such labels were perceived as more helpful, relevant, and
recommendable than non-tailored healthy food labels.

One may present different technology-enabled healthy food
labels to consumers based on their behavior, and one may present
different labels for impulsive and non-impulsive consumers in an
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online grocery store context. Research shows that some behaviors
are associated with obesity (14), and one of these behavioral
predictors may be impulsivity (15). Impulsivity can be viewed
as a trans-disease, as impulsive behaviors may lead to obesity,
substance abuse, and other behavioral problems. As proposed
by Foxall (16), in the context of impulsivity, consumer behavior
may be on a continuum from routine to extreme consumer
choice. Furthermore, Foxall (17) suggests that consumer behavior
models that incorporate environmental factors may provide more
predictive power compared to models that do not take these into
consideration. Building on this, one may use choice experiments
to identify environmental variables that may increase healthy food
choice (18), and examine whether some environmental factors are
more effective for increasing healthy food choice for impulsive
and non-impulsive consumers than others. There exists some
research suggesting that the purchase of food products in an online
grocery store context results in healthier choices compared to
offline grocery stores (19). However, this effect may occur due
to delivery time, as consumers have to wait after making the
order before receiving the products. This effect may not occur if
the delivery time is made shorter if online grocers become more
effective in reducing delivery time. Hence, online grocers may
create technology-enabled healthy food labels that use variables that
increase self-control to increase healthy food purchases and provide
personalized technology-enabled healthy food labels for impulsive
and non-impulsive consumers.

There exist several knowledge gaps in the literature related
to the effects of healthy food labels. For instance, few research
articles exist on technology-enabled healthy food labels and
how they impact consumer behavior despite existing theoretical
literature on incorporating psychological variables in food labeling
(20). Furthermore, there exist studies that have investigated
how impulsivity impacts the effects of food labels on consumer
behavior (21-23). However, there is little research on this in an
online grocery store setting. Most of these studies have used
participants’ self-reported measurements of impulsivity rather than
using choice behavior. Impulsivity measured by self-reports may
produce different results than choice behavior (24). In addition,
implementing technology-enabled healthy food labels may provide
several benefits for companies, consumers, and society. For
companies, such labels may create a competitive advantage by
increasing healthy food sales, build brand equity, and generating
positive word-of-mouth that may attract new customers. For
consumers, it may increase health benefits and well-being. For
society at large, it may reduce obesity rates and the concomitant
economic burden. Hence, research regarding technology-enabled
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healthy food labels has significant societal and academic value.
This paper thus aims to contribute to the body of knowledge by
providing such research. The research questions of this study are as
follows:

Research question 1: What is the relative impact of (a)
self-monitoring-based, (b) pre-commitment-based, and (c) social
comparison-based technology-enabled healthy food labels on
choice behavior in a hypothetical grocery shopping setting?

Research question 2: How does the relative impact of these
technology-enabled healthy food labels on choice behavior differ
for impulsive and non-impulsive consumers?

The rest of the paper is structured as follows. First, a literature
review and hypotheses for this paper are provided. Second, the
methodology and results of this paper are presented. Third, findings
and discussion are given. At last, implications and further research
directions are explored.

Impulsivity may be measured by delay discounting. Delay
discounting refers to the phenomenon where the value of a reward
decreases as a function of increasing the delay to receive the reward
(25). This relationship can be expressed by the hyperbolic formula
presented in Equation 1 for delay (26):

v A
T (14+kD)

V is the subjective value of receiving a reward, A is the objective
amount, D is the delay to receive the reward, and k is an
empirically derived free parameter that determines the steepness
of the subjective value. A higher k generates a steeper subjective
value as a function of increasing delay than does a smaller k value.
Typically, such functions are derived by asking individuals to make
choices between receiving immediate and smaller or delayed and
larger rewards, and then adjusting either the delay or amount.
Participants’ indifference points between these two options are
obtained and are used as a measure of empirical subjective value.
Equation 1 has been shown to be more predictive of how the
subjective value of a reward decreases as a function of delay than
other models (e.g., traditional discounted utility model) and may
describe preference reversals (27). Furthermore, some variables
that moderate the effect of the probability of receiving a commodity
on subjective value (probability discounting) may also be the same
as variables that moderates the impact of the delay to receive
a commodity on subjective value. However, evidence that these
two constructs are the same phenomenon is small or moderates
(28). In delay discounting, when the k-value is high, future events
are discounted more than with lower k-values. Thus, impulsivity
may be measured using k-values, as high k levels correspond
to higher levels of impulsivity, while low k levels correspond to
higher levels of non-impulsive (i.e., self-controlled) behaviors (for
measurements of impulsivity see (29)).

High discounting rates are correlated with problematic health-
related outcomes such as obesity and substance abuse (30), and
discounting rewards depend on several factors. For instance,
impulsivity may be due to genetic factors, as individuals who
discount one commodity also tend to discount other commodities.
However, it may also be influenced by current environmental
factors. For instance, which type of reward is used (31, 32),
cultural factors (33-35), and question framing (36, 37) may alter
discounting rates. As exemplified by the Ainslie-Rachlin principle
(38), there is a higher probability of choosing the immediate
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and smaller reward when the time between making a choice and
receiving the reward is short. However, there is a higher probability
of choosing the delayed and larger reward when both rewards are
delayed by a constant. Using this knowledge, consumers may use
external commitment devices to commit to choices that produce
larger later rewards.

Delay and probability discounting have been used to investigate
several factors influencing consumer behavior. For instance, it has
been used to investigate the relationship between delivery fees
and delay in e-commerce (39); rebates and for high and low-
pricing products (40); online reviews and prices (41); hunger
and discounting of food and non-food commodities (42). With
regard to healthy food consumption, variables that may impact
delay discounting may also impact healthy food choice (43). In
accordance with this framework, there exists research that suggests
that higher delay discounting of hypothetical momentary rewards
is correlated with the purchase of unhealthy food products (44,

) and that increasing delay for unhealthy foods may be used to
increase the value of healthy food purchase (43).

Several systematic reviews and meta-analyses have identified
that self-monitoring, pre-commitment, and social factors may
increase non-impulsive behaviors (46-48). However, few studies
have investigated how such strategies in the form of technology-
enabled healthy food labels affect consumers at the point of
purchase, and few have investigated their relative impact on choice
behavior. For this study, the effects of technology-enabled healthy
food labels that present self-monitoring of previous healthy food
choice, pre-commitment options, and other consumers’ healthy
food purchases on food choice behavior was investigated in point-
of-purchase situations in a hypothetical online grocery store setting.

Self-monitoring refers to the recording and presentation of
one’s own previous behavior to promote behavior change. Self-
monitoring can function as a form of soft commitment (49).
Specifically, observing one’s own previous patterns of choices may
moderate the effects of long-term consequences on choice behavior
without altering the immediate consequences of individual choices.
Self-monitoring can be done actively, where individuals are
required to record their behavior manually, or passively, where
individuals may be presented with their own behavior history
that is automatically recorded by a device. Research suggests that
instructing individuals to actively record their choices may promote
an increase in healthy food choices, and this has been investigated
by using different technologies. For instance, Teasdale et al. (50)
conducted a meta-analysis on remotely delivered strategies that
used self-monitoring and tailored feedback and their effect on
eating behavior. The strategies were delivered using paper reports,
letters, booklets, and computers, and their results suggest that such
strategies had a positive impact on eating behavior. Furthermore,
Bartels et al. (51) conducted a systematic review of the effects
of digital self-monitoring on improving health in middle-aged
or older adults. The strategies were delivered using interactive
voice response through using dials on telephones, personal digital
assistants, short message services (SMS), smartphone apps, and
computers. Their results show that most of the studies across
behaviors lead to a change in at least one outcome measurement,
including food and water consumption. Lim et al. (52) conducted
a systematic review of the effects of technology apps to promote
healthy food purchases and consumption. The devices that
provided the strategies were mostly smartphones, and some used
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personal digital assistants. Their results show modest evidence for
the efficacy of such strategies in improving healthy food purchase
and consumption. These authors suggest that further research
should explore passive automatic and personal feedback, that such
digital health strategies could be incorporated into supermarket
loyalty cards, and that real-time self-monitoring, feedback, and
social incentives may increase healthy food choices. Hence, passive
self-monitoring may be more effective in increasing the effects
of long-term healthy food choices than active self-monitoring.
One possible mechanism for this effect is that the presentation of
previous higher values of non-impulsive behaviors may increase the
probability of current non-impulsive behaviors. In addition, one
may assume that non-impulsive individuals are more likely to be
impacted by the presentation of their patterns of previously healthy
food choice compared to impulsive individuals. This assumption is
based on that non-impulsive behavior may be under the influence
of temporally extended contingencies (49), such as environmental
events that occur as a function of patterns of choices. Based on this,
the following hypotheses are proposed:

H1: The presentation of food products in combination
with higher values of prior healthy food choices for such
products increases the probability of choosing of such products
compared to their absence.

H2: The effects described in H1 will be greater for non-
impulsive consumers than impulsive consumers.

Pre-commitment may refer to the voluntary act of changing the
immediate consequences of individual choice to set the occasion for
choosing larger-later rewards. Specifically, a commitment response
that removes future available choices or that imposes a cost for
certain choices (53, 54) in order to promote behavior change
may be one way of defining pre-commitment. For instance, when
consumers prefer healthy over unhealthy food when the time
between making a choice and receiving the reward is large, then
they can use hard commitment devices that provide additional
consequences of their future individual choices. There exist studies
that have investigated the effects of pre-ordering healthy food
purchases and choice. For instance, Stites et al. (55) investigated
the combined effects of pre-ordering lunch online, mindful eating
training, fat information, and price reductions on healthy food
purchases by employers in a hospital. Their results show that
individuals allocated to the treatment condition purchased on
average fewer calories and fat content and had a higher degree of
mindful eating than individuals in the control condition. Similarly,
Miller et al. (56) investigated the effects of pre-ordering compared
to pre-ordering with a behavioral nudge. The nudge consisted
of messages suggesting that all the components of a healthy
meal or messages stating that the participants had selected a
balanced meal if they selected all the healthy components. They
found that participants in the pre-ordering condition had a higher
average selection of fruit, vegetables, and milk products than
individuals in the control condition. Furthermore, participants
in the pre-ordering and behavioral nudge condition chose on
average healthier products than the participants in the pre-
ordering-only condition. Schwartz et al. (57) examined healthy
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food purchases as a function of pre-commitment by self-imposed
aversive consequences. Specifically, households were enrolled in
an incentive program that gave discounts on food products. The
strategy consisted of an increase in the price of food products if they
did not increase their prior healthy food purchase. Their results
show that roughly one-third of the recruited households agreed to
participate in the study. These households had higher healthy food
purchases than the control group (and households that declined
to participate). These studies suggest that pre-commitment may
increase healthy food purchases. However, little research exists
on the relationship between pre-commitment and the choice of
healthy products for impulsive and non-impulsive consumers. In
addition, one may assume that immediate environmental variables
that may alter choice are more impactful for impulsive consumers
than non-impulsive consumers. This assumption is based on that
impulsive behavior may be under the influence of temporally
narrow contingencies (49). Based on this, the following hypotheses
are proposed:

H3: The presentation of food products in combination with
pre-commitment to healthy food choice will increase the
probability of choice for such products compared to the

absence of pre-commitment.

H4: The effects described in H3 will be greater for impulsive

consumers compared to non-impulsive consumers.

Social proof refers to the phenomenon whereby individuals
tend to copy other people’s behavior when they are uncertain
regarding what choices are correct in a given situation (58).
Research has examined how social proof in the context of
information sources, social identity, and self-control may impact
healthy food choices. However, few articles have examined the
effects of personalized healthfulness information on food basket
choice when it is low or high compared to other consumers’
choices. Sigurdsson et al. (59) investigated the effects of different
sources of social proof on the hypothetical choice and purchase
of fresh fish. Specifically, the quality of the product was based
on other consumers’ ratings by using a “Top Seller” label or
authoritative sources by using a “Store’s Choice” label. Their
first and second study found that other consumers’ ratings had
more impact on choice behavior in hypothetical online grocery
and brick-and-mortar store settings. Their third study found
that both labels were effective in increasing sales of fresh fish
and ground beef. Furthermore, Liu et al. (60) investigated the
effectiveness of social norms on eating behavior as moderated by
social identity. They found that social-proof messages regarding
healthy foods were effective in increasing self-reports regarding
healthy eating behavior for individuals who identified with the
social group that the message referred to. Furthermore, Salmon
et al. (61) investigated the effects of social proof on low-fat
cheese purchases of consumers with high or low self-reported self-
control. Their study induced high or low self-control by using
an ego-depletion. Their results show that social proof increased
the average percentage of low-fat cheese purchases consumers
allocated to the ego-depletion task compared to controls. However,
individuals who did not perform the ego-depletion task purchased,
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on average less low-fat cheese. The authors suggest that high
self-control individuals may have purchased other healthy food
products and that these results do not necessarily show a negative
effect of purchase behavior for highly self-controlled consumers.
However, these results have been produced by another similar
study. Gongalves et al. (62) investigated the effects of social proof
on fruits and vegetables purchases of soft, medium, and hard
buyers of fruits and vegetables. Their results show that social proof
increases healthy food purchases for all consumers except hard
buyers. These articles indicate that social comparison presented
by other consumers’ purchases increases food choices in impulsive
consumers. In addition, consumers who already purchase healthy
food may be assumed to have higher self-control than individuals
who do not. Based on this assumption, social comparison may be
more effective for impulsive consumers and may not be effective
for non-impulsive consumers. Based on these studies, the following
hypotheses are proposed:

H5: The presentation of food products in combination with
higher values of social comparison increases the probability
of choice of such products compared to the absence of social

comparison in impulsive consumers.

H6: The presentation of food products in combination with
higher values of social comparison decreases the probability
of choice of such products compared to the absence of social

comparison in non-impulsive consumers.

2. Materials and methods

2.1. Participants

Four hundred and twenty-three participants were recruited by
using the crowdsourcing platform Prolific. The sample that was
selected by the service was a balanced sample of citizens in the
United Kingdom. This sample size is considered appropriate for
conjoint experiments (63, 64). The participants were invited to
participate in a consumer choice study for £8 per hour with an
estimation of 15 min to complete the study. They were required
to read and sign an informed consent form regarding their rights as
participants in an experiment before joining the experiment. They
were told they could leave the experiment at any time during the
study. This study has been assessed that to be in accordance with
the Norwegian privacy legislation by The Norwegian Agency for
Shared Services in Education and Research.

2.2. Setting, materials, and apparatus

The experiment was performed using several online and
computer services. First, Prolific was used to recruit and administer
the link to the experiment to the participants. Second, Sawtooth
Software Lighthouse Studio 9.14.2 was used to record the
participants’ choices, present the procedure, and conduct data
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analysis. Third, Excel, RStudio, and the ggplot2 package were used
for data analysis and visual representation of the data. This study
was first pre-tested with 102 participants and later a second test with
303 participants, resulting in a total of 405 participants.

2.3. Procedure

The procedure consisted of three parts which were presented
in the following order. The first part consisted of a 5-trial
adjusting delay task (65) and was used to measure the participants’
impulsivity. In the second part, the three technology-enabled
healthy food labels were introduced and then a choice-based
conjoint experiment (63) was used to assess their relative impact
on choice behavior. The third part consisted of asking demographic
questions. The study was pre-tested by using the Sawtooth Software
random response simulation. The authors provided a link to the
experiment using Sawtooth Software servers to each participant by
using the Prolific platform.

2.3.1. Adjusting delay task

Participants were required to read the following instructions:
“The study consists of three parts. The purpose of the first part is to
examine your economic choices. You will be presented with several
hypothetical scenarios that consist of two options each. Choose the
option that you prefer by clicking on it. Press ‘Next’ to continue.”

The 5-trial adjusting delay task consisted of presenting five
trials each consisting of two hypothetical options. In all trials,
participants were asked to choose between receiving hypothetical
rewards of £50 now or receiving £100 in combination with a delay.
The delayed reward was changed based on their previous choices.
The delay in receiving the hypothetical reward in a trial was reduced
if in the previous trial the participants chose to receive the reward
now or increased if the participant chose to receive the reward
later. The specific levels of delay in all trials are shown in Figure 1.
The participants were required to choose one of two options before
proceeding to the next trial. The participants could not go back to
the previous trial once they submitted their answers, and the order
of the options was randomized.

2.3.2. Technology-enabled healthy food labels
and choice-based conjoint experiment

After completing the adjusting delay task, participants were
introduced to three technology-enabled healthy food labels and
their relative effect on choice of food baskets in different
hypothetical online grocery stores was examined. They were
presented with the following introduction in part two: “You have
now finished the first part of the study, and you must now check
off this box to confirm the end of part one. Part two will examine
your preference regarding online grocery shopping. Press ‘Next’ to
proceed.”

They were later presented with the following instructions:
“Imagine that you are about to order a food basket by using an online
grocery store. In these scenarios, you decide to compare three different
online grocery stores before deciding which to choose. Each scenario
has labels that will help you in the choice process.” The participants
were later presented with three technology-enabled healthy food
labels successively. They were first presented with a symbol, then
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Trial 1 Trial 2 Trial 3 Trial 4 Trial 5 k-value Category
Now 24,0000000 1
Now 1 hour 17,0000000 2
2 hours Now 9,7900000 3
Now 3 hours 6,9300000 4
4 hours Now 4,9000000 5
Now Now 6 hours 3,2700000 6
9 hours Now 2,3100000 7
12 hours 1,4100000 8
Now 0,8160000 9
Now 1.5 days 0,5770000 10
1 day 2 days Now 0,4080000 11
Now Now 3 days 0,2890000 12
4 days Now 0,1890000 13
Now 1 week 0,1170000 14
1.5 weeks Now 0,0825000 15
2 weeks 0,0583000 16
Now 0,0396000 17
Now 1 month 0,0232000 18
2 months Now 0,0134000 19
Now 3 months 0,0094900 20
3 weeks 4 months Now 0,0067100 21
Now Now 6 months 0,0047410 22
8 months Now 0,0033500 23
1year 0,0019400 24
Now 0,0011200 25
Now 3 years 0,0007910 26
2 years 4 years Now 0,0006120 27
Now 5 years 0,0004330 28
8 years Now 0,0002790 29
Now 12 years 0,0001860 30
18 years Now 0,0001290 31
25 years 0,0001100 32
FIGURE 1

Overview of the adjusting delay task. This figure shows the hypothetical scenarios regarding the adjusting delay task. The trial number is indicated at
the top. The initial delay during trial 1 was always three weeks. In trial 2, the participants were given the upper scenario if they selected now in trial 1
or were given the lower scenario if they selected three weeks in trial 1. The remaining trials had similar branching depending on the previous choice.

K-values and the categories are specified on the right.

text that explained the symbol, and lastly, with a test that required
them to match the symbol and the prior text.

For the introduction to the Streak label, the participants were
shown an image of a blue square, and they were told that this
was the healthy Streak label and instructed to press “next” to
continue. Later, they were presented with the same image with the
following text underneath. “This label shows how many previous
healthy orders in a row you have made. In this case, a healthy
order is defined as having at least 50% of items in the basket that
are labeled healthy by the Traffic Light Food Labelling System. If

Frontiers in Nutrition

you choose this basket, you continue your healthy streak.” They
were required to press “Next” to continue during the presence
of this text. Next, the participants were presented with the same
square with three multiple-choice options. One of the options
was the same text as during the introduction of the Streak label.
Participants who selected this option were told they were correct
and proceeded to the condition that presented the next label.
Participants who selected either of the other two options were told
that their answers were incorrect, redirected to the blue square, and
the procedure was repeated.

frontiersin.org


https://doi.org/10.3389/fnut.2023.1129883
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org/

Ljusic et al.

10.3389/fnut.2023.1129883

If these were your only options, which would you choose? Moving your mouse pointer
over “more info” gives you extended information.

—~d

—
—~d

Streak label
more in

This label shows how many previous healthy
orders in a row you have made. In this case, a
Incentiv healthy order is defined as having at least 50%
of items in the basket that are labeled healthy by
label the Traffic Light Food Labelling System. If you
more in choose this basket, you continue your healthy
streak.

Comparison
label
more info

Delivery time 30 minutes 24 hours

Price £60 £70

Choose

FIGURE 2

Choose

Example of a trial in the choice-based conjoint experiment. This figure shows an example of a choice trial in the choice-based conjoint experiment.
The independent variables are on the right and the specific levels within each profile are indicated.

NONE: |
3 wouldn't
choose any of
these.
6 hours
£70
Choose Choose

For the introduction to the Incentive label, the participants
were presented with an image of a white circle and they were told
that this was the healthy Incentive label and instructed to press
“Next” to continue. Later, the same image with the following text
was presented: “This label appears when you have a minimum of
30% fruits and vegetables in the basket. If you choose this option, you
get a 10 % discount on this and your next purchase that also meets
this requirement.” Similarly, the participants were required to press
“Next,” after which three multiple-choice options were presented.
Likewise, participants were redirected to the label’s introduction if
they selected options other than the original text. They continued
to the next section if they selected the original text.

For the introduction to the Comparison label, the participants
were presented with a pink triangle and were told that this was
the healthy Comparison label and instructed to press “Next” to
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continue. Later, the same image with the following text underneath
was presented: “This label shows the percentage of groceries in your
basket that are labeled healthy by the Traffic Light Food Labelling
System © compared to what other consumers in your area have
bought.” Similarly, three multiple-choice options were presented after
selecting “Next”. Likewise, participants were redirected to the label’s
introduction if they selected options other than the original text.
They continued to the next phase if they selected the original text.
The text of the multiple-choice options is shown in Appendix A. All
options were presented in random order.

The participants were presented with a choice-based conjoint
experiment right after the introduction to the labels. A conjoint
experiment consists of a combination of generating experimental
design and the usage of multivariate statistics to investigate the
relative impact of multiple independent variables (63). Specifically,
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FIGURE 3

Results from adjusting delay task. This figure shows the frequency
of each participant across the 32 different k-value categories. The
frequency is indicated on the vertical axis and the k-value
categories are indicated on the horizontal axis. Higher k-values are
represented on the left, while lower k-values are represented on the
right side of the graph.

it consists of generating combinations of several values of
independent variables, and their effect on decision-making is
then evaluated. In a choice-based conjoint experiment, several
profiles are presented and the participants are instructed to choose
one among these profiles. In this study, the participants were
presented with a choice-based conjoint experiment with several
profiles within a trial, and their choices regarding these profiles
were recorded. Each profile had information associated with it;
this information was the independent variables in this study. This
study used a full-profile method that presented all the independent
variables simultaneously when a profile was presented. The choice
trial consisted of three profiles and a “None” option where the
latter was always positioned to the right. The participants had to
select one of four options and press next to proceed to the “Next”
trial. Each participant was presented with 12 choice trials, and the
order of the trials was randomized to rule out order effects (66).
A balanced overlap method was used to design the profiles (67).
This method consists of generating choice trials where the profiles
have combinations of values of independent variables that have low
correlation. By using this method, the software (Lighthouse Studio
9.14.2) generated 300 different sets and each set had 12 choice trials.
Each participant was presented with one of these 300 sets. The
participants could access the information of each label provided in
the instructions by hovering their cursor over the “more info” text
underneath the names of the independent variables. An example
of a trial is shown in Figure 2. The participants were presented
with the following instruction before the choice-based conjoint
experiment and between the 12 trials: “You will now be presented
with the 1st out of 12 different hypothetical purchase situations. These
situations are independent of each other, and your choices in one
situation do not impact the next. Thus, answer as you would have
done in a real-life purchase situation.” The instructions specified
which trials were presented (i.e., 1st, 2nd, 3rd, ... 12th).

2.3.2.1. Independent variables

Five independent variables were used. Three of these
were self-monitoring, pre-commitment, and social comparison
based technology-enabled healthy food labels. Two additional
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independent variables were added to increase the realism of the
choice experiment: delivery time and price.

First, the self-monitoring independent variable consisted of the
following levels: “blank,” “square with number 2,” and “square with
number 3.”

Second, the pre-commitment independent variable consisted of
the following levels: “blank” and “circle.”

Third, the social comparison independent variable consisted of
the following levels: “blank;” “triangle with —15%,” and “triangle
with +15%.”

Fourth, the delivery time independent variable consisted of the
following levels: “30 min,” “6 h,” and “24 h.” These levels were
derived by examining the earliest delivery time options of five
online grocery stores in London, England.

Fifth, the price independent variable consisted of the following
levels: “£60, “£70,” and “£80.” These levels were derived by
examining the average amount spent per basket in English online
grocery stores. These levels were set lower than the average amount
spent per basket to decrease “None” option choices.

2.3.2.2. Dependent variable
The
profiles within a trial.

dependent variable was choice behavior among

2.3.3. Demographical questionnaire

After completing the choice-based conjoint experiment,
participants were asked questions regarding their gender, age,
household status, personal income last year, frequency of previous
online shopping, product categories purchased online, frequency of
purchasing food online, and food allergies.

2.4. Data analysis

Several data analysis methods were used. First, the frequency
of participants across k-value categories was analyzed. Second,
impulsive and non-impulsive individuals were classified by ranking
them from high to low k-values according to the adjusting delay
task. The half with the highest k-values were impulsive individuals,
and the other half with the lowest k-values were defined as non-
impulsive individuals. Three participant groups were formed, and
these were based on (a) all participants, (b) impulsive participants),
and (c) non-impulsive participant. All of the groups’” data were used
for statistical analyses. Second, logistic regression and Hierarchical
Bayesian modeling based on aggregated data were used to estimate
the impact of the independent variables and their levels on choice
behavior. Logistic regression was employed by using maximum
likelihood estimation for the main-effects of the relationship
between binary choice behavior and the levels of the independent
variables with five iterations. The regression coefficient for each
level, standard error, and log-likelihood for the model was
calculated. The importance score of the independent variables was
calculated by taking the range of the regression coeflicients of
the levels within the independent variables and calculating the
proportion of these values of one independent variable compared
to the others. The impact of the independent variables for each
participant was estimated using Hierarchical Bayesian modeling.
This was done by estimating the impact of change at each level by
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using aggregate data of all participants and using such information
to estimate the impact of each level for each participant. There were
20,000 iterations using this method, and the last 10,000 iterations
were used for analysis. The average Hierarchical Bayes estimation
for each level with standard deviation was estimated. Latent class
analysis was performed by deriving two and three classes based
on the results of the estimations. Finally, demographical data were
provided for all three groups.

Four hundred and twenty-three participants were invited to
perform a study regarding consumer choice. Eighteen did not
complete the survey, and their responses were removed from the
analysis. The analysis was performed based on the remaining 405
participants in total. The average participant completed the study
by in 526.47 s (8.77 min), with a range of 153-2,822 s (2.55-
47.03 min), and a standard deviation of 290.77 (4.84 min).

The results from the adjusting delay task are shown in .
The figure shows that the category with the most participants
was the 21st category (k-value = 0.0047), with a total of 62
participants. Based on these results, impulsive participants were
defined as participants who completed the adjusting delay task and
had a k-value of 24 to 0.0067 (from the Ist to the 20th category).
Similarly, non-impulsive participants were defined as participants
who completed the task and had a k-value of 0.0047-0.00011 (from
the 21st to 32nd category.) As a result, 193 participants were
classified as impulsive, and 212 were classified as non-impulsive.

The results of the demographic questions are shown in
Regarding all participants, the majority were males, and the most
common age category was 25-34 years old. Most participants lived
in a couple-household with children and had a personal annual
income between £25,000 and £49,999. The majority shopped online
once a week. Clothing and footwear were the most common items
that were bought online, the majority of the participants bought
groceries online at least once in a year, and the majority had
no allergies. Regarding the impulsive participants, the majority
were females, were between 25 and 34 years old, lived in a
couple-household, had a personal annual income between £25,000
and £49,999, shopped online once every 2 weeks, bought online,
majority of the participants bought groceries online at least once
in a year, and had no allergies. Clothing and footwear were
the most common type of products that were bought online.
Regarding the non-impulsive participants, the majority were males,
between 35 and 44 years old, lived in a couple-household, had
a personal income between £25,000 and £49,999, and shopped
online once a week. Books, music, movies, and games were the
most common type of products bought online. Most participants
bought groceries online at least once a year, and the majority had
no allergies.

The results of the conjoint experiment based on all participants
are shown in . The results were the same when using
logistic regression and Hierarchical Bayes estimation. Regarding
the Streak label, the blue square with the number 3 was chosen
more often than the blue square with the number 2, and the
blue square with the number 2 was chosen more often than the
absence of the Streak label. Regarding the Incentive label, the white
circle was estimated to be chosen more often than the absence of
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Incentive labels. With regard to the Comparison label, the triangle
with +15% was chosen more often than triangle with —15%, and
the latter was chosen more often compared to the absence of the
Comparison label. Regarding the delivery time, 30 min was chosen
more often than 6 h, and the latter was chosen more often than
24 h. With regard to price, £60 was chosen more often than $70,
and the latter was chosen more often than £80. The log-likelihood
for the null model was —6,737.39, and the log-likelihood for the
estimated model was —4,594.24, with a total difference of 2,143.15.
In addition, the results from the logistic regression coefficients
of the Comparison label based on impulsive participants were as
follows: absent = —0.36, the triangle with —15% = —0.03, and the
triangle with +15% = 0.39. The Hierarchical Bayes estimations for
the same participants were as follows: absent = —0.70 (SD = 0.54),
the triangle with —15% = —0.06 (SD = 0.91), and the triangle with
+15% = 0.76 (SD = 0.74.) The logistic regression coefficients of
the Comparison label based on non-impulsive participants were
as follows: absent = —0.38, the triangle —15% = 0.03, and the
triangle with +15% = 0.41. The Hierarchical Bayes estimations for
the same participants were as follows: absent = —0.80 (SD = 0.67),
the triangle with —15% = —0.11 (SD = 0.85), and the triangle
with +15% = 0.92 (SD = 0.86.) The relative impact of the Streak
label, Incentive label, Comparison label, delivery time, and price
and Latent Class analyses based on these for all participants,
impulsive participants, and non-impulsive participants are shown
in .

When comparing each group with itself, the results show a
similar relative impact for all participants, including impulsive
and non-impulsive participants. Specifically, price, Streak label,
Incentive label, Comparison label, and delivery time had the
most to least impact on choice in that order, using logistic
regression and Hierarchical Bayes estimation. When comparing
across the groups, the Streak label and incentive label had more
impact on choice for impulsive participants than non-impulsive
participants. Similarly, delivery time had more impact on impulsive
participants compared to non-impulsive participants. In addition,
price had less impact on choice for impulsive participants than
non-impulsive participants. The log-likelihood for the null model
based on impulsive participants was —3,210.66, and the log-
likelihood model for the estimated model was —2,158.80, with
a total difference of 1,051.85. The log-likelihood for the null
model based on non-impulsive participants was —3,526,73, and
the log-likelihood for the estimated model was —2,426.46, with
a total difference of 1,100.26. When using three latent classes,
the largest class shows that the Streak label and Incentive
label had the most impact on choice, and the second largest
shows that price and Incentive label had the most impact on
choice for all participants, impulsive participants, and non-
impulsive participants.

The results presented here support H1, H3, and H5, while the
they do not support H2, H4, and H6. Specifically, the results show
that higher values of prior healthy food choice, pre-commitment
to healthy foods, and higher social comparison increase the
probability of choice behavior compared to the absence of these
labels. Furthermore, the latent class analysis and relative impact
of these three independent variables (presented in )
did not identify segments that differed with regard to impulsive
and non-impulsive participants. When using logistic regression
coeflicients and Hierarchical Bayes estimations of the impact of
the Comparison label, the results showed no negative impact of
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TABLE 1 The proportions of answers based on questions for all, impulsive, and non-impulsive participants.

Answ o the demographical questions

All participants Impulsive Non-impulsive

(n = 405) participants participants
(n =193) (n = 212)

1. What is your gender?

Male 50.12% 43.01% 56.60%
Female 49.63% 56.48% 43.40%
Non-binary / third gender 0.25% 0.52% 0.00%
Prefer not to say 0.00% 0.00% 0.00%

2. What is your age?

18-24 years old 10.12% 10.88% 9.43%
25-34 years old 32.59% 35.75% 29.72%
35-44 years old 27.16% 23.83% 30.19%
45-54 years old 15.31% 16.58% 14.15%
55-64 years old 10.86% 9.33% 12.26%
65-74 years old 3.70% 3.11% 4.25%
75 years or older 0.25% 0.52% 0.00%

3. What type of household do you belong to?

Couple household with children 40.99% 46.11% 36.32%
Couple household without children 29.63% 26.42% 32.55%
Single mother household 4.44% 5.18% 3.77%
Single father household 0.99% 0.52% 1.42%
Single person household 15.80% 13.99% 17.45%
Other 8.15% 7.77% 8.49%

4. Which of these describes your personal income last year?

£0 0.99% 1.04% 0.94%
£1 to £9,999 12.84% 11.92% 13.68%
£10,000 to £24,999 29.63% 32.12% 27.36%
£25,000 to £49,999 39.01% 38.34% 39.62%
£50,000 to £74,999 9.63% 9.84% 9.43%
£75,000 to £99,999 0.74% 0.52% 0.94%
£100,000 or more 0.74% 0.00% 1.42%
Prefer not to answer 6.42% 0.62% 6.60%

5. How often do you shop online?

Once a week 31.60% 29.02% 33.96%
Once every 2 weeks 26.42% 30.57% 22.64%
Once a month 19.26% 20.21% 18.40%
Around 3-4 times per quarter 12.35% 11.92% 12.74%
Once every 3 months 8.89% 7.77% 9.91%
I have not shopped online before 1.48% 0.52% 2.36%

6. What type of products have you bought online? Multiple
answers are possible.

Books, music, movies, and games 80.49% 77.20% 83.49%

Toys 50.62% 52.85% 48.58%

Consumer electronics and computers 72.10% 70.98% 73.11%

Sport equipment 39.01% 41.45% 36.79%
(Continued)
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TABLE 1 (Continued)

Answers to the demographical questions

10.3389/fnut.2023.1129883

All participants Impulsive Non- impulsive
(n = 405) participants participants
(n =193) (n = 212)

Health and beauty (cosmetics) 61.23% 64.77% 58.02%
Clothing and footwear 82.96% 83.94% 82.08%
Jewelry/watches 31.85% 33.16% 30.66%
Household appliances 65.43% 65.28% 65.57%

Do it yourself/home improvement 40.25% 36.27% 43.87%
Furniture and homeware 50.86% 51.30% 50.47%
Grocery 73.33% 75.13% 71.70%
None 0.49% 0.52% 0.47%

7. How often do you purchase groceries online?

At least once in a year 35.56% 34.20% 36.79%

At least once in 6 months 20.74% 21.24% 20.28%

At least once in a month 26.91% 31.61% 22.64%

At least once a week 16.79% 12.95% 20.28%

8. Do you have any allergies?

No 86.67% 84.97% 88.21%

Yes 13.33% 15.03% 11.79%

the triangle with +15% on choice behavior for non-impulsive
participants.

4. Discussion

The main purpose of this study was to
whether
healthy food labels differed from impulsive and non-impulsive

investigate
choice behavior impacted by technology-enabled
participants. Specifically, the relative impact of self-monitoring,
pre-commitment and social comparison when presented as
technology-enabled healthy food labels on choice behavior in a
conjoint experiment was used. Impulsivity was measured through
choice behavior by using an adjusting delay task.

This research contributes to two research fields. First, it relates
to the emerging online grocery store and healthy food choice
literature. Second, it relates to the general self-control literature
and variables impacting healthy food choice. To the best of our
knowledge, this is the first study to do so.

4.1. Internal validity

Overall, the results suggest that the self-monitoring, pre-
commitment, and social comparison-based technology-enabled
healthy food labels were the labels that had the most impact on
choice behavior from most to least, in that order. In addition,
the results indicate that self-monitoring and pre-commitment-
based technology-enabled healthy food labels might be more
effective for impulsive individuals than non-impulsive individuals.
Furthermore, the results show that social comparison was more
impactful on choice for non-impulsive participants than impulsive
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participants. However, clear segmentation based on latent class
analysis regarding these results were not found, and definitive
conclusions cannot be made based on these results.

With regard to self-monitoring-based technology-enabled
healthy food labels, the results show that the presentation of
higher values of prior healthy food choices increases choice
behavior compared to its absence. Regarding pre-commitment-
based technology-enabled healthy food labels, the findings show
that the presence of pre-commitment to healthy food choice
increases choice behavior compared to its absence. Furthermore,
these results did not differ between impulsive and non-impulsive
participants. With regard to social comparison-based technology-
enabled healthy food labels, the results show that higher levels
of social comparison increase choice behavior compared to its
absence for impulsive participants. Lastly, the findings did not
show that higher levels of social comparison decrease choice
behavior compared to its absence for non-impulsive participants.
In addition, the results from Figure 5 indicate that impulsive
participants’ choices are more impacted by delivery time compared
to non-impulsive participants and that non-impulsive participants
are more price sensitive compared to impulsive participants. These
results show some correspondence between the adjusting delay
task and the choice-based conjoint experiment. Regarding the logit
regression coefficients of the independent variables, all estimations
had a standard error below 0.05 except for the “None” option. The
highest standard error for the “None” option was observed for the
impulsive participants, with a value of 0.09.

4.2. External validity

Consistent with prior research, this study identified segments
of impulsive respondents whose choices were more impacted by
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FIGURE 4

Results from estimated impact on choice on all participants. This figure shows the estimated impact of the independent variables on choice
behavior. The name of the independent variables, their levels, the results of the logistic regression, and hierarchical Bayes from top to bottom.

delivery time compared to non-impulsive participants. In addition,
the results in Table 1 show that impulsive and non-impulsive
individuals have different preferences regarding what type of
products are bought online. For instance, a higher proportion of
non-impulsive participants stated that they bought products online
that were in the category “Do it yourself/home improvement”
than impulsive individuals. One possible explanation is that such
products require more effort than other products. This can be
related to previous research indicating that preference for some
commodities is more impacted by the same variables that affect
delay discounting.

With regard to self-monitoring of healthy food choice, the
findings of this study are in accordance with articles that were
used in the literature review, where self-monitoring may impact
food and healthy choice. In addition, this study builds on previous
calls to investigate the effects of automatic self-monitoring of
previous food choice in a point-of-purchase situation which
includes personal feedback. Moreover, this study also strengthens
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these findings by isolating the effects of self-monitoring of healthy
food choice on food choice. Specifically, the results show that the
presentation of higher values of healthy food choice alone can
impact current food choice. Lastly, this study found that some of the
effects of self-monitoring are generalizable to hypothetical online
grocery shopping. With regard to pre-commitment to healthy food
choice, the findings of this study support previous research in the
sense that pre-commitment to healthy food choice might be an
effective strategy for increasing healthy food choice. Specifically,
price reductions might be effective in increasing fruit and vegetable
choice, as indicated in the literature. Similarly, this effect was also
observed in a hypothetical online grocery context. With regard to
the social comparison of healthy food choice, the findings of this
study show mixed support for previous research. This study found
that positive social comparison increases food choice compared to
its absence. However, the articles that were found in the literature
review suggest that social comparison might have negative effects
on food choice. For instance, Gongalves et al. (62) found different
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Relative impact of the independent variables for all, impulsive, and non-impulsive participants.

effects of social comparison on food choice depending on whether
the participants were frequent or non-frequent fruit and vegetable
buyers. The findings in this study indicate that social comparison-
based technology-enabled healthy food labels were more effective
for non-impulsive participants. As indicated in , more non-
impulsive participants stated that they bought groceries online at
least once a week compared to impulsive consumers. The results
presented in , however, suggest that frequent fruit and
vegetable buyers, in this case, non-impulsive participants, were
more impacted by social comparison than impulsive participants.
One possible interpretation is that such buyers are more sensitive
to social comparison in an online grocery store context than in a

physical store.

4.3. Implications and further research

There are several implications of these findings. First, the
results show that consumers choices were more impacted by
the Streak label than by Incentive labels. These finding that
in some situations consumers prefer non-monetary over some
discount monetary-based technology-enabled healthy food labels
indicates that companies might use this technology to save
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costs while at the same time increase healthy food choice for
consumers. Companies may use self-monitoring labels rather than
providing a 10% discount on healthy foods to increase healthy
food choice. Self-monitoring-based technology-enabled healthy
food labels can benefit companies, consumers, and society at
large. Second, developing these self-monitoring-based technology-
enabled healthy food labels might not be expensive. Most online
grocery stores require customers to create an account to purchase
groceries. Online grocers can integrate this information into
the customers’ accounts, which may be presented in point-
of-purchase situations. Third, several considerations must be
considered when implementing new technology. For instance,
privacy, accurate data, ownership, and accessibility of data being
collected must be considered (68). Fourth, the findings suggest
that negative social comparison-based technology-enabled healthy
food labels are preferred over the absence of such labels,
indicating that the negative impact of these on food choice
compared to their absence is not that detrimental for food choice.
Fifth, implementing such technology-enabled healthy food labels
might generate more engagement with the online grocery store,
which may generate positive word-of-mouth. Lastly, not only
can companies that implement these technology-enabled healthy
food labels generate more revenue, but they can also provide
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FIGURE 6
Results from latent class analysis for all, impulsive, and non-impulsive participants. This figure shows the results of the latent class analysis for all,
impulsive, and non-impulsive participants.

higher consumer well-being by not restricting the consumers’
product options.

There are several considerations that future studies could
investigate. First, these results might be specific to UK participants,
and these results might depend on cultural factors as well.
Second, what was considered healthy by the Streak label and
Comparison-based labels were based on the Traffic Light Food
Labelling System, a front-of-package food labeling system used
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in the UK. The Incentive label was, however, based on how
many fruits and vegetables were in the hypothetical food basket.
These differences may have impacted choice behavior. However,
the Comparison label was the least impactful technology-enabled
healthy food label in this study, and was based on the Traffic
Light Food Labeling System. Third, some order effects might have
affected choice behavior. Specifically, the order of the attributes
was fixed in the choice experiment, which might be a confounding
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variable. In addition, the sequence of the introduction to the
technology-enabled healthy food labels might also have impacted
the results. Fourth, this study investigated hypothetical online
grocery shopping and did not investigate the effects of these
technology-enabled healthy food labels on actual purchases. The
findings of this study may differ in a real online purchase situation.
Lastly, the sample size of the latent class analysis of three groups
might be too small to give robust findings, and they should be
viewed as an indication. However, the logistic and Hierarchical
Bayes estimations of the relative impact of the technology-enabled
healthy food labels based on all participants, impulsive participants
and non-impulsive participants, had an adequate sample size as
indicated by the standard errors.

Several research topics should be investigated based on the
findings of this study. First, future research should investigate
how these technology-enabled healthy food labels impact actual
purchases of healthy foods. Second, future research should also
investigate the impact of other forms of technology-enabled healthy
food labels on food choice. For instance, one might present
technology-enabled healthy food labels that present the benefits
of selecting healthy food baskets in terms of how one increases
one’s life expectancy by selecting healthier options. Furthermore,
one might highlight healthy foods not previously purchased at the
point-of-purchase in an online grocery store to increase healthy
food choice variety. In addition, many criteria exist for a healthy
food product. One can ask what specific food products or categories
are considered healthy for each consumer when creating an
account for an online grocery store and highlight food products
that are considered healthy for each consumer using technology-
enabled healthy food labels. Third, this study investigated whether
some technology-enabled healthy food labels were more effective
for impulsive and non-impulsive consumers. Future findings
may also investigate whether variables that impact probability
discounting might impact healthy food choice. Specifically, some
technology-enabled healthy food labels might be more effective for
risky and risk-aversive consumers. As mentioned, unhealthy food
consumption is associated with numerous diseases, and an increase
in unhealthy food consumption increases the risk (or probability)
of acquiring such diseases. Hence, variables that might impact
risk-taking might be the same variables that impact healthy food
choice.

Data availability statement

The datasets presented in this article are not readily available
because the data that has been used in this study is confidential.
Requests to access the datasets should be directed to NL,

nikola.kristiania@kristiania.no.

References

1.Chooi YC, Ding C, Magkos F. The epidemiology  of
obesity.  Metabolism. (2019). 92:6-10. doi: 10.1016/j.metabol.2018.
09.005

2. World Health Organization. Overweight and Obesity. Geneva: World Health
Organization (2020).

Frontiers in Nutrition

10.3389/fnut.2023.1129883

Ethics statement

Ethical review and approval was not required for the study on
human participants in accordance with the local legislation and
institutional requirements. The patients/participants provided their
written informed consent to participate in this study.

Author contributions

NL came up with the idea and performed data analysis. NL
and AF planned the study. VS and EA provided input on data
presentation and refinement of concepts. All authors contributed
to the discussion of the results and final manuscript.

Acknowledgments

We would like to thank Sanchit Pawar and Jefferson Molleri
for their helpful comments regarding the design and data
analysis for this study.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fnut.2023.

1129883/full#supplementary-material

3. De Lorenzo A, Gratteri S, Gualtieri P, Cammarano A, Bertucci P, Di Renzo L. Why
primary obesity is a disease? J Transl Med. (2019) 17:1-13. doi: 10.1186/s12967-019-
1919-y

4. Chu D-T, Nguyet NTM, Dinh TC, Lien NVT, Nguyen K-H, Ngoc VTN, et al.
An update on physical health and economic consequences of overweight and obesity.

frontiersin.org


https://doi.org/10.3389/fnut.2023.1129883
mailto:nikola.kristiania@kristiania.no
https://www.frontiersin.org/articles/10.3389/fnut.2023.1129883/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnut.2023.1129883/full#supplementary-material
https://doi.org/10.1016/j.metabol.2018.09.005
https://doi.org/10.1016/j.metabol.2018.09.005
https://doi.org/10.1186/s12967-019-1919-y
https://doi.org/10.1186/s12967-019-1919-y
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org/

Ljusic et al.

Diabetes Metab Syndr Clin Res Rev. (2018) 12:1095-100. doi: 10.1016/j.dsx.2018.
05.004

5. Giskes K, van Lenthe F, Avendano-Pabon M, Brug J. A systematic review of
environmental factors and obesogenic dietary intakes among adults: are we getting
closer to understanding obesogenic environments? Obes Rev. (2011) 12:¢95-106. doi:
10.1111/j.1467-789X.2010.00769.x

6. Vecchio R, Cavallo C. Increasing healthy food choices through nudges: a
systematic review. Food Qual Pref. (2019) 78:103714. doi: 10.1016/j.foodqual.2019.0
5.014

7. Temple NJ. Front-of-package food labels: a narrative review. Appetite. (2020)
144:104485. doi: 10.1016/j.appet.2019.104485

8. An R, Shi Y, Shen J, Bullard T, Liu G, Yang Q, et al. Effect of front-of-package
nutrition labeling on food purchases: a systematic review. Public Health. (2021)
191:59-67. doi: 10.1016/j.puhe.2020.06.035

9. Ikonen I, Sotgiu F, Aydinli A, Verlegh PW. Consumer effects of front-of-package
nutrition labeling: an interdisciplinary meta-analysis. J Acad Mark Sci. (2020) 48:360—-
83. doi: 10.1007/s11747-019-00663-9

10. Campos S, Doxey J, Hammond D. Nutrition labels on pre-packaged foods:
a systematic review. Public Health. Nutr. (2011) 14:1496-506. doi: 10.1017/
$1368980010003290

11. Ljusic N, Fagerstrom A, Pawar S, Arntzen E. Effects of digitalized front-of-
package food labels on healthy food-related behavior: a systematic review. Behav Sci.
(2022) 12:363. doi: 10.3390/bs12100363

12. Shin S, van Dam RM, Finkelstein EA. The effect of dynamic food labels with real-
time feedback on diet quality: results from a randomized controlled trial. Nutrients.
(2020) 12:2158. doi: 10.3390/nu12072158

13. Fuchs K, Barattin T, Haldimann M, Ilic A. Towards tailoring digital food labels:
insights of a smart-RCT on user-specific interpretation of food composition data.
In: Proceedings of the 5th International Workshop on Multimedia Assisted Dietary
Management. New York, NY (2019). doi: 10.1145/3347448.3357171

14. Poorolajal J, Sahraei F, Mohamdadi Y, Doosti-Irani A, Moradi L. Behavioral
factors influencing childhood obesity: a systematic review and meta-analysis. Obes Res
Clin Pract. (2020) 14:109-18. doi: 10.1016/j.0rcp.2020.03.002

15. Bickel WK, Freitas-Lemos R, Tomlinson DC, Craft WH, Keith DR, Athamneh
LN, et al. Temporal discounting as a candidate behavioral marker of obesity. Neurosci
Biobehav Rev. (2021) 129:307-29. doi: 10.1016/j.neubiorev.2021.07.035

16. Foxall GR. Accounting for consumer choice: inter-temporal decision making in
behavioural perspective. Mark Theor. (2010) 10:315-45.

17. Foxall GR. Understanding Consumer Choice. Berlin: Springer (2005). doi: 10.
1057/9780230510029

18. Sigurdsson V, Vishnu Menon R, Fagerstrom A. Online healthy food experiments:
capturing complexity by using choice-based conjoint analysis. Behav Anal. (2017)
40:373-91. doi: 10.1007/s40614-017-0114-9

19. Huyghe E, Verstraeten J, Geuens M, Van Kerckhove A. Clicks as a healthy
alternative to bricks: how online grocery shopping reduces vice purchases. ] Mark Res.
(2017) 54:61-74. doi: 10.1509/jmr.14.0490

20. Liu PJ, Wisdom J, Roberto CA, Liu L], Ubel PA. Using behavioral economics to
design more effective food policies to address obesity. Appl Econ Perspect Policy. (2014)
36:6-24. doi: 10.1093/aepp/ppt027

21. Koenigstorfer ], Groeppel-Klein A, Kamm F. Healthful food decision making in
response to traffic light color-coded nutrition labeling. J Public Policy Mark. (2014)
33:65-77. doi: 10.1509/jppm.12.091

22. Mohr B, Dolgopolova I, Roosen J. The influence of sex and self-control on the
efficacy of nudges in lowering the energy content of food during a fast food order.
Appetite. (2019) 141:104314. doi: 10.1016/j.appet.2019.06.006

23. Rising, CJ, Bol N. Nudging our way to a healthier population: the effect of calorie
labeling and self-control on menu choices of emerging adults. Health Commun. (2016)
32:1032-38. doi: 10.1080/10410236.2016.1217452

24. Smith CL, Hantula DA. Methodological considerations in the study of delay
discounting in intertemporal choice: a comparison of tasks and modes. Behav Res
Methods. (2008) 40:940-53. doi: 10.3758/BRM.40.4.940

25. Ainslie G. Picoeconomics: The Strategic Interaction of Successive Motivational
States Within the Person. Cambridge: Cambridge University Press (1992).

26. Mazur JE. An adjusting procedure for studying delayed reinforcement. Quant
Anal Behav. (1987) 5:55-73.

27. Green L, Myerson J. A discounting framework for choice with delayed and
probabilistic rewards. Psychol Bull. (2004) 130:769. doi: 10.1037/0033-2909.130.5.769

28. Johnson KL, Bixter MT, Luhmann CC. Delay discounting and risky choice:
meta-analytic evidence regarding single-process theories. Judgm Decis Mak. (2020)
15:381-400. doi: 10.1017/S193029750000718X

29. Odum AL. Delay discounting: I'm ak, you’re ak. J Exp Anal Behav. (2011)
96:427-39. doi: 10.1901/jeab.2011.96-423

30. Rasmussen EB, Robertson SH, Rodriguez LR. The utility of behavioral economics
in expanding the free-feed model of obesity. Behav Process. (2016) 127:25-34.

Frontiers in Nutrition

16

10.3389/fnut.2023.1129883

31. Odum AL, Becker RJ, Haynes JM, Galizio A, Frye CC, Downey H, et al. Delay
discounting of different outcomes: review and theory. J Exp Anal Behav. (2020)
113:657-79. doi: 10.1002/jeab.589

32. Weatherly JN, Terrell HK, Derenne A. Delay discounting of different
commodities. ] Gen Psychol. (2010) 137:273-86. doi: 10.1080/00221309.2010.484449

33. Du W, Green L, Myerson J. Cross-cultural comparisons of discounting delayed
and probabilistic rewards. Psychol Rec. (2002) 52:479-92. doi: 10.1007/BF03395199

34. Ishii K, Eisen C, Hitokoto H. The effects of social status and culture on delay
discounting. Jpn Psychol Res. (2017) 59:230-7. doi: 10.1111/jpr.12154

35. Kim B, Sung YS, McClure SM. The neural basis of cultural differences in delay
discounting. Philos Trans R Soc Biol Sci. (2012) 367:650-6. doi: 10.1098/rstb.2011.0292

36. DeHart WB, Odum AL. The effects of the framing of time on delay discounting.
J Exp Anal Behav. (2015) 103:10-21. doi: 10.1002/jeab.125

37. Neff MB, Macaskill AC. The effect of “should” and “would” instructions on delay
discounting of rewards for self and others. ] Behav Decis Mak. (2021) 34:568-80.

38. Pierce WD, Cheney CD. Behavior Analysis and Learning. 6th ed. London:
Psychology Press (2013). doi: 10.4324/9780203726624

39. Hantula DA, Bryant K. Delay discounting determines delivery fees in an
e-commerce simulation: a behavioral economic perspective. Psychol Mark. (2005)
22:153-61. doi: 10.1002/mar.20052

40. Coker KK, Pillai D, Balasubramanian SK. Delay-discounting rewards from
consumer sales promotions. ] Prod Brand Manag. (2010) 19:487-95.

41. Fagerstrom A, Ghinea G, Sydnes L. Understanding the impact of online reviews
on customer choice: a probability discounting approach. Psychol Mark. (2016) 33:125-
34. doi: 10.1002/mar.20859

42. Skrynka J, Vincent BT. Hunger increases delay discounting of food and non-food
rewards. Psychon Bull Rev. (2019) 26:1729-37. doi: 10.3758/s13423-019-01655-0

43. Appelhans BM, French SA, Olinger T, Bogucki M, Janssen I, Avery-Mamer EF,
et al. Leveraging delay discounting for health: can time delays influence food choice?
Appetite. (2018) 126:16-25. doi: 10.1016/j.appet.2018.03.010

44. Appelhans BM, Tangney CC, French SA, Crane MM, Wang Y. Delay discounting
and household food purchasing decisions: the SHoPPER study. Health Psychol. (2019)
38:334. doi: 10.1037/hea0000727

45. Tang J, Chrzanowski-Smith OJ, Hutchinson G, Kee E, Hunter RF. Relationship
between monetary delay discounting and obesity: a systematic review and meta-
regression. Int J Obes. (2019) 43:1135-46. doi: 10.1038/s41366-018-0265-0

46. Duckworth AL, Milkman KL, Laibson D. Beyond willpower: strategies for
reducing failures of self-control. Psychol Sci Public Interest. (2018) 19:102-29. doi:
10.1177/1529100618821893

47. Rung JM, Madden GJ. Experimental reductions of delay discounting and
impulsive choice: a systematic review and meta-analysis. ] Exp Psychol Gen. (2018)
147:1349. doi: 10.1037/xge0000462

48. Scholten H, Scheres A, De Water E, Graf U, Granic I, Luijten M. Behavioral
trainings and manipulations to reduce delay discounting: a systematic review. Psychon
Bull Rev. (2019) 26:1803-49. doi: 10.3758/s13423-019-01629-2

49. Rachlin H. Self-control based on soft commitment. Behav Anal. (2016) 39:259—
68. doi: 10.1007/s40614-016-0054-9

50. Teasdale N, Elhussein A, Butcher F, Piernas C, Cowburn G, Hartmann-Boyce
], et al. Systematic review and meta-analysis of remotely delivered interventions using
self-monitoring or tailored feedback to change dietary behavior. Am J Clin Nutr. (2018)
107:247-56. doi: 10.1093/ajcn/nqx048

51. Bartels SL, Van Knippenberg R], Dassen FC, Asaba E, Patomella A-H,
Malinowsky C, et al. A narrative synthesis systematic review of digital self-monitoring
interventions for middle-aged and older adults. Internet Interv. (2019) 18:100283.
doi: 10.1016/j.invent.2019.100283

52. Lim SY, Lee KW, Seow W-L, Mohamed NA, Devaraj NK, Amin-Nordin S.
Effectiveness of integrated technology apps for supporting healthy food purchasing and
consumption: a systematic review. Foods. (2021) 10:1861. doi: 10.3390/foods10081861

53. Ariely D, Wertenbroch K. Procrastination, deadlines, and performance: self-
control by precommitment. Psychol Sci. (2002) 13:219-24. doi: 10.1111/1467-9280.
00441

54. Rachlin H, Green L. Commitment, choice and self-control. ] Exp Anal Behav.
(1972) 17:15-22. doi: 10.1901/jeab.1972.17-15

55. Stites SD, Singletary SB, Menasha A, Cooblall C, Hantula D, Axelrod S, et al. Pre-
ordering lunch at work. Results of the what to eat for lunch study. Appetite. (2015)
84:88-97. doi: 10.1016/j.appet.2014.10.005

56. Miller GE, Gupta S, Kropp JD, Grogan KA, Mathews A. The effects of pre-
ordering and behavioral nudges on national school lunch program participants’ food
item selection. J Econ Psychol. (2016) 55:4-16. doi: 10.1016/j.joep.2016.02.010

57. Schwartz J, Mochon D, Wyper L, Maroba J, Patel D, Ariely D. Healthier by
precommitment. Psychol Sci. (2014) 25:538-46. doi: 10.1177/0956797613510950

58. Cialdini RB, Cialdini RB. Influence: The Psychology of Persuasion. (Vol. 55).
New York, NY: Collins (2007).

frontiersin.org


https://doi.org/10.3389/fnut.2023.1129883
https://doi.org/10.1016/j.dsx.2018.05.004
https://doi.org/10.1016/j.dsx.2018.05.004
https://doi.org/10.1111/j.1467-789X.2010.00769.x
https://doi.org/10.1111/j.1467-789X.2010.00769.x
https://doi.org/10.1016/j.foodqual.2019.05.014
https://doi.org/10.1016/j.foodqual.2019.05.014
https://doi.org/10.1016/j.appet.2019.104485
https://doi.org/10.1016/j.puhe.2020.06.035
https://doi.org/10.1007/s11747-019-00663-9
https://doi.org/10.1017/S1368980010003290
https://doi.org/10.1017/S1368980010003290
https://doi.org/10.3390/bs12100363
https://doi.org/10.3390/nu12072158
https://doi.org/10.1145/3347448.3357171
https://doi.org/10.1016/j.orcp.2020.03.002
https://doi.org/10.1016/j.neubiorev.2021.07.035
https://doi.org/10.1057/9780230510029
https://doi.org/10.1057/9780230510029
https://doi.org/10.1007/s40614-017-0114-9
https://doi.org/10.1509/jmr.14.0490
https://doi.org/10.1093/aepp/ppt027
https://doi.org/10.1509/jppm.12.091
https://doi.org/10.1016/j.appet.2019.06.006
https://doi.org/10.1080/10410236.2016.1217452
https://doi.org/10.3758/BRM.40.4.940
https://doi.org/10.1037/0033-2909.130.5.769
https://doi.org/10.1017/S193029750000718X
https://doi.org/10.1901/jeab.2011.96-423
https://doi.org/10.1002/jeab.589
https://doi.org/10.1080/00221309.2010.484449
https://doi.org/10.1007/BF03395199
https://doi.org/10.1111/jpr.12154
https://doi.org/10.1098/rstb.2011.0292
https://doi.org/10.1002/jeab.125
https://doi.org/10.4324/9780203726624
https://doi.org/10.1002/mar.20052
https://doi.org/10.1002/mar.20859
https://doi.org/10.3758/s13423-019-01655-0
https://doi.org/10.1016/j.appet.2018.03.010
https://doi.org/10.1037/hea0000727
https://doi.org/10.1038/s41366-018-0265-0
https://doi.org/10.1177/1529100618821893
https://doi.org/10.1177/1529100618821893
https://doi.org/10.1037/xge0000462
https://doi.org/10.3758/s13423-019-01629-2
https://doi.org/10.1007/s40614-016-0054-9
https://doi.org/10.1093/ajcn/nqx048
https://doi.org/10.1016/j.invent.2019.100283
https://doi.org/10.3390/foods10081861
https://doi.org/10.1111/1467-9280.00441
https://doi.org/10.1111/1467-9280.00441
https://doi.org/10.1901/jeab.1972.17-15
https://doi.org/10.1016/j.appet.2014.10.005
https://doi.org/10.1016/j.joep.2016.02.010
https://doi.org/10.1177/0956797613510950
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org/

Ljusic et al.

59. Sigurdsson V, Larsen NM, Alemu MH, Gallogly JK, Menon RV, Fagerstrom
A. Assisting sustainable food consumption: the effects of quality signals stemming
from consumers and stores in online and physical grocery retailing. J Bus Res. (2020)
112:458-71. doi: 10.1016/j.jbusres.2019.11.029

60. Liu J, Thomas JM, Higgs S. The relationship between social identity, descriptive
social norms and eating intentions and behaviors. ] Exp Soc Psychol. (2019) 82:217-30.
doi: 10.1016/j.jesp.2019.02.002

61. Salmon §J, De Vet E, Adriaanse MA, Fennis BM, Veltkamp M, De Ridder
DT. Social proof in the supermarket: promoting healthy choices under low self-
control conditions. Food Qual Pref. (2015) 45:113-20. doi: 10.1016/j.foodqual.2015.
06.004

62. Gongalves D, Coelho P, Martinez LE, Monteiro P. Nudging consumers toward
healthier food choices: a field study on the effect of social norms. Sustainability. (2021)
13:1660. doi: 10.3390/su13041660

Frontiers in Nutrition

17

10.3389/fnut.2023.1129883

63. Hair JE, Black WC, Babin BJ, Anderson RE. Multivariate Data Analysis. London:
Pearson Education Limited (2014).

64. Orme BK, Chrzan K. Becoming an Expert in Conjoint Analysis: Choice Modelling
for Pros. Provo, UT: Sawtooth Software (2017).

65. Koffarnus MN, Bickel WK. A 5-trial adjusting delay discounting task: accurate
discount rates in less than one minute. Exp Clin Psychopharmacol. (2014) 22:222.
doi: 10.1037/a0035973

66. Chrzan K. Three kinds of order effects in choice-based conjoint analysis. Mark
Lett. (1994) 5:165-72. doi: 10.1007/BF00994106

67. Chrzan K, Orme B. An overview and comparison of design strategies for
choice-based conjoint analysis. Sawtooth Softw Res Paper Ser. (2000) 98382:360.

68. Rainer RK, Prince B. Introduction to Information Systems. New York, NY: John
Wiley & Sons (2021).

frontiersin.org


https://doi.org/10.3389/fnut.2023.1129883
https://doi.org/10.1016/j.jbusres.2019.11.029
https://doi.org/10.1016/j.jesp.2019.02.002
https://doi.org/10.1016/j.foodqual.2015.06.004
https://doi.org/10.1016/j.foodqual.2015.06.004
https://doi.org/10.3390/su13041660
https://doi.org/10.1037/a0035973
https://doi.org/10.1007/BF00994106
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org/

	Information, ingestion, and impulsivity: The impact of technology-enabled healthy food labels on online grocery shopping in impulsive and non-impulsive consumers
	1. Introduction
	2. Materials and methods
	2.1. Participants
	2.2. Setting, materials, and apparatus
	2.3. Procedure
	2.3.1. Adjusting delay task
	2.3.2. Technology-enabled healthy food labels and choice-based conjoint experiment
	2.3.2.1. Independent variables
	2.3.2.2. Dependent variable

	2.3.3. Demographical questionnaire

	2.4. Data analysis

	3. Results
	4. Discussion
	4.1. Internal validity
	4.2. External validity
	4.3. Implications and further research

	Data availability statement
	Ethics statement
	Author contributions
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


