W) Check for updates

AM>

AMERICAN MARKETING

Article ASSOCIATION

Journal of Marketing Research

2021, Vol. 58(5) 948-967

© American Marketing Association 2021
Article reuse guidelines:
sagepub.com/journals-permissions

DOI: 10.1177/00222437211022367
journals.sagepub.com/home/mr;j

®SAGE

Choosing the Light Meal: Real-Time
Aggregation of Calorie Information Reduces
Meal Calories

Eric M. VanEpps ©', Andras Molnar, Julie S. Downs,
and George Loewenstein

Abstract

Numeric labeling of calories on restaurant menus has been implemented widely, but scientific studies have generally not found
substantial effects on calories ordered. The present research tests the impact of a feedback format that is more targeted at how
consumers select and revise their meals: real-time aggregation of calorie content to provide dynamic feedback about meal cal-
ories via a traffic light label. Because these labels intuitively signal when a meal shifts from healthy to unhealthy (via the change
from green to a yellow or red light), they prompt decision makers to course-correct in real time, before they finalize their choice.
Results from five preregistered experiments (N = 11,900) show that providing real-time traffic light feedback about the total
caloric content of a meal reduces calories in orders, even compared with similar aggregated feedback in numeric format.
Patterns of ordering reveal this effect to be driven by people revising high-calorie orders more frequently, leading them to choose
fewer and lower-calorie items. Consumers also like traffic light aggregation, indicating greater satisfaction with their order and
greater intentions to return to restaurants that use them. The authors discuss how dynamic feedback using intuitive signals

could yield benefits in contexts beyond food choice.
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Modern consumers have easy access to more information than
ever before, yet this has not led to measurably better decisions
in domains, such as diet, that require self-control. One central
problem is that information provided to consumers is often com-
plicated, requiring them to integrate information in ways that
exceed their abilities or motivations. That is, information may
be available, but it is not always actionable. In this article, we
study how feedback provided in an intuitive form can enhance
individuals’ decisions by prompting them to course-correct in
real time, before they finalize their choices. In particular, we
investigate intuitive, dynamic feedback that responds to con-
sumers’ preliminary decisions. Such labeling provides meaning-
ful guidance (e.g., whether to continue with the decision as
planned or stop and make changes) in response to active selec-
tions and can help consumers take self-beneficial actions.

The most effective labels are intuitive, using visual elements
that leverage existing strongly held associations, such as the
association between a red light and stopping or between
emojis and emotional valence. Feedback should be carefully
calibrated to match the representations that people find

meaningful (e.g., positive vs. negative feedback categories),
rather than leaving translational work to consumers. In addition,
feedback should be calibrated to the decision process itself.
Although static information may operate well in some contexts
(e.g., when consumers have time to fully consider every
option), more dynamic feedback, such as the cumulative price
of goods in a shopping cart, may be more beneficial in a wide
range of situations (Sheehan and Van Ittersum 2018). We
build on prior literature that conceptualizes the consumer deci-
sion process as one that often relies on constructed preferences
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(Bettman, Luce, and Payne 1998) that are calculated in the
moment (Payne, Bettman, and Schkade 1999). Dynamically
updated information about the content of one’s current selections
can help consumers update their preferences. We test the role of
such dynamic, intuitive feedback in the context of meal choice
and calorie labeling, a domain in which information provision
is ubiquitous but has failed to show consistently positive effects
on consumer behavior.

Calorie Labeling

As part of the 2010 Affordable Care Act, chain restaurants with
20 or more locations are now required by federal law to display
numeric calorie counts on menus (Block 2018), but this
numeric calorie labeling has generally failed to substantially
reduce calorie consumption in real-world settings such as fast-
food restaurants (Cantor et al. 2015; Downs et al. 2013; Elbel
et al. 2009, 2013; Finkelstein et al. 2011; Schwartz et al.
2012). Although studies have observed a small impact of
numeric calorie menu labeling on reducing calorie consumption
in some settings (Auchincloss et al. 2013; Bollinger, Leslie, and
Sorenson 2011; VanEpps, Downs, and Loewenstein 2016;
Wisdom et al. 2010), comprehensive reviews (Bleich et al.
2017) and meta-analyses (Cadario and Chandon 2020) have
failed to identify a consistent benefit of labeling.

There are numerous possible reasons for this failure.
Customers may willfully ignore or not care about calorie infor-
mation (Howlett et al. 2009). Labels may backfire when calorie
counts are smaller than consumers expect (Burton et al. 2015;
Tangari et al. 2019). Marketing gimmicks such as “just-below”
calorie labeling (e.g., 799 calories vs. 800; Choi, Li, and
Samper 2019) or the use of calorie ranges (e.g., a burrito with
a range of 410-1,185 calories; Liu, Bettman, et al. 2015) may
encourage otherwise health-motivated consumers to consume
indulgent items. Or, consumers may want to reduce calories,
and may try to use labels to do so, but fail to appreciate the cumu-
lative contribution of multiple items. Indeed, previous research
has shown that consumers often underestimate the calorie
content of meals (Block et al. 2013), even in the presence of item-
level calorie labeling (Elbel 2011). Furthermore, accuracy in
calorie estimates seems to be worse among those who order
larger meals (Taksler and Elbel 2014) and among those who
order high-calorie beverages (Franckle, Block, and Roberto
2016), suggesting that the aggregation of this numeric informa-
tion across multiple items may be difficult for consumers. For
example, consumers who choose a healthy entrée may also
order more calorie-rich side items or a beverage, offsetting the
calories saved on the entrée (Wisdom et al. 2010). Most impor-
tantly, existing calorie label approaches do little to encourage
revisions once an initial decision has been made.

An ideal calorie labeling system would tackle several of
these factors simultaneously: it would encourage consumers
to notice and care about calorie information while also prompt-
ing and enabling revisions if initial choices were too high in cal-
ories. By contrast, if initial selections were low in calories, the
ideal labeling approach would provide positive feedback,

letting consumers know they can continue with their decision
without need for revision. We propose a novel system—
traffic light aggregation—that offers such real-time feedback
and intuitive meal-level guidance, providing consumers with
a salient calorie target for their meal.

Traffic Light Labels and Dynamic Aggregation

We test the impact of aggregated feedback regarding total meal
calories presented in a traffic light format and updated as consum-
ers select or remove items from their meal to provide a green-,
yellow-, or red-light summary of total calories. Real-time dynam-
ically aggregated feedback can influence current decisions by
showing consumers, instantaneously, the impact of adding or sub-
tracting an item on total meal calories, giving them both reason
and opportunity to remove or substitute items to stay under iden-
tifiable calorie thresholds. This kind of dynamic aggregation
applied with numeric calorie labels has shown initial promise in
a hypothetical sandwich-building task (Gustafson and Zeballos
2019) but has not yet been tested for actual consumption deci-
sions, nor has it been tested in a meal selection task where previ-
ous choices can be altered. Furthermore, in the absence of more
detailed information about consumers’ choice processes (e.g.,
timing, stopping rules, meal revisions), it is unclear from prior
research how the presence of aggregated information might help
consumers revise meal selections, a process that may vary
across different types of aggregation (e.g., numeric, traffic light).

On its own, dynamic aggregation of numeric labels might
not be enough to substantially influence consumer choices.
U.S. Food & Drug Association guidelines currently include
requirements for printing numeric calorie labels in a readable
way (Federal Register 2014), but these formats do little to
make calorie information visually salient or remind consumers
to consider nutritional information when deciding what to
order (Goswami and Urminsky 2019). Among alternative
labeling formats, traffic light icons have shown promise in
attracting attention and promoting healthier choices (Downs,
Wisdom, and Loewenstein 2015; Ellison, Lusk, and Davis
2013, 2014; Sonnenberg et al. 2013; Thorndike et al. 2012,
2014; VanEpps et al. 2016) by providing clear, credible
signals to help people avoid overconsumption.

Previous research, however, has applied traffic light labels
only to individual items in a static format and found that
these labels have largely performed as well as numeric calorie
labeling, but not substantially better (VanEpps et al. 2016).
This highlights important practical limitations of item-level
traffic light labels. For example, consumers may mistakenly
believe that they have successfully met a health goal by includ-
ing a green-light item as part of their order, licensing them to
add additional, potentially unhealthier, items (Fishbach and
Dhar 2005; Khan and Dhar 2006; Wilcox et al. 2009).
Conversely, items labeled with a red light may seem strictly
prohibited, undermining the credibility of labeling for those
who correctly believe that those items can be acceptable in a
meal otherwise composed of low-calorie items. Consumers
might, therefore, benefit from guidance regarding how to
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combine an item such as a soda with other items to make a
healthy meal. Fundamentally, such ordinal markers cannot be
easily aggregated by consumers to characterize the overall
healthiness of a meal. Menus that provide dynamic feedback
with a summary in the form of an aggregated light label,
however, can overcome this barrier and improve consumer
decisions. Aggregated traffic light feedback (i.e., at the meal
level) can set an intuitively meaningful calorie target (a green
light) for consumers to pursue, which, in combination with
existing numeric item labels that show exactly how different
items contribute to total meal calories, can lead consumers
who would otherwise order too many calories to revise their
meal selections and order fewer calories.

How Consumers Might Reduce Meal Calories

One barrier to implementing an effective food-labeling policy is
the relative lack of empirical studies that investigate sow and
why calorie labeling might influence food choice; most existing
studies simply test whether labels ultimately change overall
food consumption. Responding to this gap in the literature,
we delve into the behaviors available to consumers and consider
two distinct avenues through which they can reduce their total
calorie intake: (1) reducing the total number of food items and
(2) substituting lower-calorie items for higher-calorie items."
Consumers naturally tend to put greater emphasis on the
latter, reducing intake by choosing lower-calorie rather than
fewer items (Liu et al. 2019), but little is known about how
these methods of calorie reduction may be influenced by infor-
mational interventions. In the present research, we measure
both dimensions of behavior directly to assess how consumers
respond to information of different types, including dynami-
cally aggregated calorie information.

In addition, we test how the format of dynamically aggre-
gated feedback about meal calories—numeric calorie informa-
tion versus traffic light labels—affects its impact. In one
previous study (Gustafson and Zeballos 2019), consumers
simultaneously reduced calorie content and improved their
accuracy in estimating sandwich calories when presented with
aggregation of numeric calorie content. However, we argue
that traffic light aggregation can be even more effective in
reducing calorie content relative to numeric aggregation due
to the traffic light’s intuitive format. Whereas numeric aggrega-
tion guides sequential choices in the construction of a meal
(e.g., consumers add the lower-calorie side after seeing how
many calories are in their previously selected items), traffic
light feedback provides prescriptive guidance that also moti-
vates revisions of existing selections when the meal’s calorie

! We recognize that a third avenue—limiting consumption of food ordered (e.g.,
saving food for a later meal)—is also possible, but due to logistical constraints,
the present research did not include measures of actual consumption. We rely on
prior research showing that reductions in calories ordered translate to reductions
in calories consumed (Schwartz et al. 2012) but acknowledge that some individ-
ual consumers might attempt to reach calorie goals through shifts in consump-
tion rather than ordering.

content is too high. That is, rather than affecting only prospective
decisions about what menu items to include, we propose that real-
time feedback in a format that is more intuitive also promotes con-
sideration of which already-added items to remove. Consumers
can readily proceed with a meal that receives a green light, stop
and take actions to reduce calories if a meal receives a red
light, and use discretion when they see a yellow light. Such feed-
back provides a simpler-to-interpret prescriptive guide regarding
not just how many calories are in the selected meal but also
how the meal compares to the number of calories people
should order. The traffic light format is a translated format that
provides a clear decision “signpost” (Larrick, Soll, and Keeney
2015; Ungemach et al. 2018) to help consumers attend to their
meal calorie content, an attribute of the choice that might other-
wise be overlooked if merely presented in numeric format.

The intuitive design of traffic light labels, then, is critical to
our theory that consumers will respond to real-time feedback by
revising their selections when that feedback communicates that
their current selections are problematic. Similar to the experi-
ence of driving in the presence of a green traffic light, when
consumers see a green light representative of low-calorie selec-
tions, they can continue without stopping (and their meal selec-
tion should therefore be unaffected by traffic light aggregation).
However, when a green light shifts to a yellow or red light, this
provides an unambiguous signal that should prompt immediate
action. Here, we highlight the other fundamental feature of our
intervention: the instantaneous, dynamic feedback regarding
meal calorie content inherently targets consumers who need
guidance the most—those who originally select meals that
exceed the healthy range of calories and receive a yellow or
red light as a result. We predict that these consumers will be
the ones most affected by traffic light aggregation, choosing
to revise their meals by dropping items or substituting lower-
calorie alternatives so that the light will shift back to green
and give them tacit encouragement.

We propose that these two factors—intuitive guidance and
dynamic feedback—drive a revision process that has typically
been ignored by static labeling approaches and can yield mean-
ingful calorie reductions. We provide novel empirical data
regarding this revision process by monitoring the timing and
sequence of consumer actions as participants add and remove
items from their meals. Through our use of real-time aggrega-
tion paired with intuitive traffic light labels, we add to the
decision-making literature by showing how consumers
respond to feedback indicating that their behavior falls
outside of a prescribed range of acceptability.

Overview of Experiments

We present five experiments that test the impact of adding
aggregated calorie information to a menu in the form of a
dynamic meal-level traffic light label. All initial sample sizes
were determined a priori, and we report all data exclusions,
manipulations, and measures (Simmons, Nelson, and
Simonsohn 2012). All experiments were preregistered on
AsPredicted.org. The corresponding preregistrations, as well
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as all data collected, can be publicly accessed on ResearchBox.org
(https:/researchbox.org/275). In Experiment 1, we compare
actual lunch choices made with and without an aggregated light
label. In Experiment 2, we compare total calories ordered
across three aggregated labeling conditions (no aggregation,
numeric aggregation, and traffic light aggregation) and test for
the proposed mechanism of additional revisions. In Experiment
3, we demonstrate that traffic light aggregation achieves calorie
reductions compared with other labeling approaches even when
all labeled menu conditions provide written guidance for how
many calories should be in a meal. In Experiment 4, we show
that the benefits of traffic light aggregation are specifically
driven by the intuitive nature, rather than the discrete categorical
nature, of traffic lights. Finally, in Experiment 5, we provide
further support for the importance of the intuitiveness of the feed-
back consumers receive, as opposed to its simple visual salience,
for helping consumers order fewer calories; we show that equally
salient, but unintuitive, graphic feedback fails to reduce meal cal-
ories. After demonstrating, in Experiment 1, the impact of aggre-
gate traffic light information in a real meal-ordering context, the
remaining studies are hypothetical. As in prior research that inves-
tigated the process underlying meal choices from calorie-labeled
menus (Parker and Lehman 2014), hypothetical experiments
enable the sample size and necessary experimental control to
examine the choice and revision process. Table 1 provides an
overview of our experiments.

Experiment |: Traffic Light Aggregation for
Meal Choices

In Experiment 1, we test the impact of traffic light calorie label
aggregation, presenting a menu that featured numeric calorie
labels for each item, with or without an aggregated traffic
light calorie label (e.g., “Total calories: [yellow light
graphic]”) at the top of the menu that updated in real time as
participants added or removed items from their order.
University participants completed a short survey in exchange
for the chance to win a free lunch of their choice, selected
from a computerized menu (see Figures S1-S2 in the Web
Appendix); winners received these meals at lunchtime, with
sandwiches prepared by on-campus dining services.

Methods

Participants. We recruited 509 participants (49% female; mean
age = 21.1 years, mean body mass index [BMI] = 23.4) from
public spaces on the campus of a public U.S. university to com-
plete a short study in exchange for a 1 in 10 chance of receiving
their selected lunch for free. Recruitment occurred between
9:00 a.m. and 11:45 A.M. on days of data collection.

Procedure. Participants selected a meal from a computerized
menu with half-size and full-size options of four different sand-
wiches (ranging from 215 to 640 calories), eight side options
(40-220 calories), and eight drink options (0-240 calories).

Prices and calories listed on the menu were from the actual
campus restaurant. Participants were randomly assigned to
one of two conditions: numeric item labels only (“Item
Labels”) or numeric item labels plus traffic light aggregation
at the meal level (“Traffic Light Aggregation™).

Light feedback was determined by the calorie content of the
meal: a green light would appear when the meal had fewer than
600 calories, yellow when it had between 600 and 899 calories,
and red when the meal was 900 calories or more. Calorie rec-
ommendations can vary across experimental studies and
expert guidelines (e.g., Downs et al. 2013; VanEpps et al.
2016); the Healthier Restaurant Meal Guidelines’ nutrient
standards developed by a group of experts in 2012 set a meal
calorie content threshold at 700 calories (Cohen et al. 2013),
whereas other studies have used thresholds of 650 calories,
750 calories, or 800 calories. We sought to place these previ-
ously recommended calorie counts within the range of our
“yellow-light” category, meaning participants would generally
receive positive feedback (i.e., a green light) when their meals
had fewer calories and negative feedback (i.e., a red light)
when meals had more calories.”

Participants could order more than one item per category,
had no restriction on how long they spent on the menu page,
and could scroll over the names of the sandwiches to
learn the ingredients. The price of the meal was limited to
$15.> All actions (i.e., each addition and each removal of
food items) were recorded. Following the meal selection,
participants completed survey items regarding their current
level of hunger and their demographics, and then rolled a
ten-sided digital die to learn whether they won their
chosen meal.

Results

Traffic Light Aggregation significantly reduced total calories
ordered (M = 683, 95% confidence interval [CI] = [655,
710]) compared with Item Labels (M = 730, 95% CI = [702,
758]; t(507) = 2.37, p = .018, Cohen’s d = .21; see Figure 1,
Panel A). Meanwhile, the number of items ordered did not sig-
nificantly differ between Traffic Light Aggregation (M = 2.87;
95% CI = [2.79, 2.95]) and Item Labels (M = 2.87, 95% CI =
[2.78,2.95]; t(507) = .09, p = .93, Cohen’s d = .01) conditions
(see Figure 1, Panel B). Traffic Light Aggregation led to a mar-
ginally significant decrease in calories per item (M = 250, 95%
CI = [238, 263]) relative to Item Labels (M = 268, 95%
CI = [255, 281]; t(506) = 1.91, p = .057, Cohen’s d = .17
(Figure 1, Panel C). All results are robust to the inclusion of
demographic factors (gender, age, BMI; see Tables S1-S2 in
the Web Appendix).

2 We demonstrate robustness to a different set of calorie thresholds in
Experiments 2-5.

3 Only 15 participants (about 3% of the sample) chose a meal between $12 and
$15, suggesting that this limit was not too restrictive and that most orders were
not driven by an attempt to maximize value from the study design.
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Figure 1. Experiment |: Effect of traffic light aggregation (vs. item labels) on meals ordered.

Notes: Error bars indicate +1 SE.

Discussion

Examining real meal choices, Experiment 1 demonstrates a sig-
nificant reduction in calories ordered by those exposed to
Traffic Light Aggregation, leading to an average reduction of
47 calories per meal, or approximately 6.4% of meal calories.
Experiment 1 enables us to draw conclusions about the imme-
diate, short-term impact (i.e., calorie reduction of a single meal)
of adding aggregated information to restaurant menus. To deter-
mine whether these labels could backfire in some way—for
example, if consumers selected meals that they did not actually
want or if they disliked being exposed to traffic light aggrega-
tion—we conducted an online follow-up study (N = 602,
47% female; mean age = 31.5 years) where participants ordered
a hypothetical meal following the same procedures as
Experiment 1 (for full details, see Web Appendix, Supplemental
Experiment 1). In this study, participants reported that they
would enjoy their meals significantly more, felt that the restau-
rant was more concerned with their well-being, and indicated
that they would be more likely to return to the restaurant
when the menu featured Traffic Light Aggregation as opposed
to only Item Labels (all ps < .001; items adapted from Shah
et al. [2014]). We speculate that the restaurant’s effort to
provide real-time feedback on meal healthiness demonstrates
concern for consumers’ health and well-being and that this pos-
itive signaling in turn leads to overall increases in customer sat-
isfaction and intentions to return, though future research would
be needed to fully test this hypothesis. Regardless, these results
indicate that Traffic Light Aggregation not only achieves calorie
reductions for consumers but also can help restaurants promote
customer satisfaction and loyalty.

However, the more theoretical implications of Experiment 1
are somewhat limited by practical considerations. For instance,
due to recruitment limitations for real-world orders, we could
compare only two experimental conditions in Experiment
1. From these results, it is unclear whether traffic light aggrega-
tion is unique in its ability to produce calorie reductions, or

whether the same benefits would be achieved by an alternative
approach of numeric calorie aggregation. With the larger
sample size and experimental control afforded by hypothetical
choice experiments, we can identify whether the combination
of numeric item labels and traffic light aggregation leads to
meaningfully different outcomes from other labeling
approaches and can better examine the choice and revision pro-
cesses that underlie these results.

Experiment 2: Comparing Traffic Light with
Numeric Aggregation

In Experiment 2, we add a third condition in which numeric
item labels are augmented with numeric aggregated labels. In
this way, we test whether a basic type of real-time aggregation
achieves sizable calorie reductions, or whether something more
specific to traffic light aggregation is needed to produce the
effect observed in Experiment 1. We also investigate how
people respond to this meal-level feedback by adding, remov-
ing, or replacing items. Our theoretical account predicts that
traffic light aggregation drives calorie reductions through an
increased propensity to revise previous decisions, even relative
to numeric aggregation, and so we test for mediation of any dif-
ferential effect between traffic light and numeric aggregation
through the number of revisions (specifically, removals of
items previously added to the meal).

Methods

Participants. We recruited 1,823 participants from Amazon
Mechanical Turk (MTurk) and excluded 20 participants (1%)
who selected meals that cost over $18 or contained over 2,000 cal-
ories (exclusion criteria preregistered), leaving 1,803 observations
(59% female, mean age = 37.5 years, mean BMI = 27.7).

Procedure. Participants selected a hypothetical meal from a
restaurant menu that featured five main dishes, five side
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dishes, and five drink options (Web Appendix, Figures S3—
S5). For robustness, we tested a different menu from that
used in Experiment 1 and used a different set of calorie
thresholds for the meal-level traffic lights (0—749 = green
light, 750-1,124 = yellow light, 1,125+ = red light). Prices
were marked on each item, and participants were randomly
assigned to one of three calorie label conditions: labels only
on items (“Item Labels”), item labels plus numeric aggregation
(“Numeric Aggregation”), or item labels plus traffic light aggre-
gation (“Traffic Light Aggregation”). Participants in all conditions
were required to stay on the menu screen for at least one minute.
Each item added to, and removed from, the meal was recorded in
our data. Participants then completed a series of survey questions,
which included demographics, estimates of the price and calorie
content of their selected meal and of four preselected menu
items, and subjective numeracy.

Results

Calories ordered. Numeric Aggregation (M = 875 calories, 95%
CI = [846, 904]) and Traffic Light Aggregation (M = 815, 95%
CI = [791, 839]) both significantly reduced total meal calories
compared with Item Labels (M = 920, 95% CI = [890, 949];
t(1,201) = 2.14, p = .032, Cohen’s d = .12; t(1,157) = 5.41,
p <.001, Cohen’s d = .31, respectively). Furthermore, Traffic
Light Aggregation reduced calories compared with Numeric
Aggregation (t(1,160) = 3.12, p = .002, Cohen’s d = .18; see
Figure 2, Panel A).

Number of items. Relative to Item Labels (M = 3.28 items, 95%
CI =[3.23, 3.34]), participants ordered fewer items when given
Numeric Aggregation M = 3.17, 95% CI = [3.12, 3.22];
t(1,185) = 2.86, p = .004, Cohen’s d = .16) or Traffic Light
Aggregation (M = 3.14, 95% CI = [3.10, 3.18]; t(1,143) =
3.85, p < .001, Cohen’s d = .22), but number of items
ordered did not differ between the two aggregation conditions
(t(1,183) = .92, p = .36; see Figure 2, Panel B).

Average calories per item. Traffic Light Aggregation reduced
per-item calories (M = 263 calories, 95% CI = [255, 271]) rel-
ative to both Item Labels (M = 282, 95% CI = [274, 290];
t(1,196) = 3.33, p = .001, Cohen’s d = .19) and Numeric
Aggregation (M = 277, 95% CI = [269, 286]; t(1,183) =
2.47, p = .014, Cohen’s d = .14), but the latter two conditions
did not differ from each other (t(1,198) = .75, p = .45; see
Figure 2, Panel C).

Meal revisions: Additions and removals. Traffic Light Aggregation
led to both more additions and more removals (Myggqeq = 4.17,
95% CI = [4.02, 4.32]; Miemovea = 1.03, 95% CI = [.89, 1.17])
compared with both Item Labels (M,qqeq = 3.77, 95% CI =
[3.68, 3.87]; Miemovea = 49, 95% CI = [42, .57]) and
Numeric Aggregation (M,ggeq = 3.73, 95% CI = [3.63, 3.84];
M emoved = -56, 95% CI = [.47, .65]) (all ps <.001). By con-
trast, Numeric Aggregation did not lead to significantly more
additions or removals than Item Labels (additions: t(1,191) = .57,

p = .567, Cohen’s d = .03; removals: t(1,148) = 1.14, p = .255,
Cohen’s d = .07). These results are robust to the inclusion of
demographic factors (gender, age, BMI, income, numeracy, and
dieting status; see Tables S3—S4 in the Web Appendix).

Mediation analyses. Reduced meal calories may be driven by
meal revisions (operationalized as the number of item remov-
als) that lead to the selection of items with fewer calories, or
by guiding consumers to include fewer items in their final
meal. We used mediation analysis to examine these relation-
ships to better understand the choices behind the calorie
change, comparing the two aggregation conditions while
excluding the Item Labels condition. For all mediation analy-
ses, we used the Numeric Aggregation condition as the base-
line, and we standardized the variables of total calories,
number of items ordered, and number of item removals. A boot-
strapped mediation with 5,000 replications revealed that neither
the number of items ordered (p = —.018, SE =.020,z=91,p=
.36) nor the number of item removals ( = .009, SE = .008, z =
1.18, p = .24) explained a significant proportion of the effect of
Traffic Light Aggregation on meal calories for the full sample.

As a post hoc exploratory analysis, we investigated whether our
predictions regarding the mediating role of revisions might be
limited to those participants who needed guidance. Specifically,
we reasoned that there should be little reason for additional revi-
sions among participants (n = 415) who had already chosen a
“green light” meal, whereas item removals (and possible substitu-
tions) would be more likely among participants (n = 785) who had
surpassed 750 calories in their meal and observed a yellow or red
traffic light. To test this prediction, we estimated the same media-
tion model with a new dummy variable (“Surpassed 7507)
included as a moderator of the relationship between Traffic
Light Aggregation and number of item removals.

We again conducted a bootstrapped mediation with 5,000
replications, and in this moderated mediation model (see
Figure 2, Panel D), among those who surpassed 750 calories
at any point, the number of item removals explained a signifi-
cant proportion of the effect of Traffic Light Aggregation on
meal calories ( = —.071, SE = .016, 95% CI = [-.102,
—.040],z=4.46, p <.001), but not among those who never sur-
passed 750 calories (p = —.0001, SE =.004, z = .01, p = .99).
In this model, the number of items ordered still did not explain a
significant proportion of the effect of Traffic Light Aggregation
on meal calories (§ = —.011, SE =.012, z = .90, p = .37). In
other words, the calorie-reducing effect of Traffic Light
Aggregation is observed for those who receive a yellow or
red light at some point during their meal selection. Among
these participants, the effect was mediated by the tendency to
make more revisions. In contrast, participants who consider
only low-calorie meals show no difference in meal calorie
content between the two aggregation conditions.

Discussion

Relative to the baseline, in which numeric calorie labels were pre-
sented only for individual items, both forms of aggregation led to
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significant calorie reductions, with Traffic Light Aggregation
further outperforming Numeric Aggregation. This added benefit
appears to be driven by meal revisions among those seeing
yellow or red lights, suggesting that the dynamically updating
traffic lights led these consumers to consider more alternatives
and ultimately decide on lower-calorie meals.

Overall, those presented with Traffic Light Aggregation
ordered both fewer and lower-calorie items, leading to a
105-calorie reduction (—11.4%) in meal calories relative to item
labels alone. However, the design of Experiment 2 does not
allow us to distinguish between the prescriptive information con-
veyed by the traffic light thresholds (which could be mimicked by
combining other labeling formats with direct prescriptive guid-
ance) versus some other efficiency of traffic lights, such as their
intuitive format. We address this concern in Experiments 3-5.

Experiment 3: Prescriptive Versus Intuitive
Guidance

Because numeric information on its own lacks prescriptive
information about the appropriateness of choices, research
and policies implementing such labels have tried including
numeric calorie reference guides alongside labels, such as

recommending 2,000 calories per day. Such guidelines do not
seem to help consumers use item labels (Downs et al. 2013;
Wisdom, Downs, and Loewenstein 2010), but they have not
been tested with aggregated feedback. Experiment 3 extends
the design of Experiment 2 by adding written numeric guidance
for low-, moderate-, and high-calorie meals, corresponding to
the same thresholds used for green, yellow, and red lights.
However, our theorizing predicts that because this numeric
guidance is less intuitive—because it requires interpretation
of the numeric aggregation according to the categories identi-
fied—traffic light aggregation will continue to reduce calories
ordered relative to numeric aggregation. In addition,
Experiment 3 includes a control condition with no calorie label-
ing to allow for a quantitative benchmark of the effect sizes of
both individual and aggregate labels.

Methods

Participants. We recruited 2,524 participants from MTurk to com-
plete the online study. After excluding 87 participants (3%) who
selected meals that cost over $18 or contained over 2,000 calories
(preregistered exclusion criteria), the final sample consisted of
2,437 participants (54% female, mean age = 35.4 years).
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Procedure. Participants selected a meal from the same menu
used in Experiment 2. Participants were again required to stay
on the menu selection page for at least one minute and were
told to imagine that they had a maximum budget of $18.
Participants were randomly assigned to one of four conditions:
no labels (“Control”), numeric labels only on items (“Item
Labels”), numeric item labels plus numeric aggregation
(“Numeric Aggregation”), or numeric item labels plus traffic
light aggregation (“Traffic Light Aggregation”). In all three
labeled conditions, text at the bottom of the menu provided
the following guidance: “Calorie content of meal: below 750
= relatively low; between 750 and 1,125 = moderate; over
1,125 = relatively high” (for the full list of items and menus,
see Figures S6-S9 in the Web Appendix).

After selecting a meal, all participants indicated whether
they noticed calorie guidelines at the bottom of the menu
screen, provided their gender and age, and had the option to
submit any final comments about the study. Over 90% of par-
ticipants in each condition correctly answered whether calorie
guidelines were present or absent—91% in the Control condi-
tion identified that calorie guidelines were absent, whereas
94% of Item Labels, 93% of Numeric Aggregation, and 95%
of Light Aggregation participants correctly identified that the
guidelines were present. We also conducted robustness
checks on our main analyses by excluding participants who
answered incorrectly. All results are robust to the exclusion of
these participants as well as to the inclusion of demographic
controls (see Tables S6-S11 in the Web Appendix).

Results

Calories ordered. Traffic Light Aggregation (M = 858 calories,
95% CI = [832, 884]) reduced calories compared with all other
conditions, including Control (M = 986, 95% CI = [955,
1,018]; t(1,177) = 6.21, p < .001, Cohen’s d = .36), Item
Labels alone (M = 901, 95% CI = [873, 929]; t(1,208) =
2.22, p = .027, Cohen’s d = .13), and Numeric Aggregation
(M = 903, 95% CI = [874, 931]; t(1,205) = 2.29, p = .022,
Cohen’s d = .13). The two numeric labeling conditions did
not differ from each other (t(1,214) = .09, p = .93), but both
Item Labels and Numeric Aggregation outperformed Control
(Item Labels: t(1,203) = 3.99, p < .001, Cohen’s d = .23;
Numeric Aggregation: t(1,206) = 3.88, p < .001, Cohen’s
d = .22; see Figure 3, Panel A).

Number of items. Traffic Light Aggregation (M = 3.23 items,
95% CI = [3.18, 3.29]) did not reduce number of items relative
to Item Labels (M = 3.28, 95% CI =[3.22, 3.34]; p = .290) and
only marginally significantly reduced the number of items rela-
tive to Numeric Aggregation (M = 3.32, 95% CI =[3.25, 3.38];
t(1,211) = 1.85, p = .064, Cohen’s d = .11). All labeling
conditions had fewer items than Control (M = 3.43, 95%
CI = [3.36, 3.50]), including Item Labels (t(1,192) = 2.97,
p = .003, Cohen’s d = .17), Numeric Aggregation (t(1,187) =
2.29, p = .022, Cohen’s d = .13), and Light Aggregation

(t(1,163) = 4.04, p < .001, Cohen’s d = .23). There was no
difference between Item Labels and Numeric Aggregation
(p = .45; see Figure 3, Panel B).

Average calories per item. Traffic Light Aggregation (M = 268
calories, 95% CI = [261, 275]) did not significantly reduce cal-
ories per item relative to Numeric Aggregation (M = 276, 95%
CI = [268, 284]; p = .16) and only marginally significantly
reduced calories per item relative to Item Labels (M = 278,
95% CI = [270, 286]; t(1,205) = 1.84, p = .066, Cohen’s d =
.11). Again, all labeling conditions reduced the average calories
per item ordered relative to the Control condition (M = 292 cal-
ories, 95% CI = [283, 300]), including Item Labels (t(1213) =
224, p = .026, Cohen’s d = .13), Numeric Aggregation
(t(1,216) = 2.58, p = .010, Cohen’s d = .15), and Light
Aggregation (t(1,193) = 4.11, p < .001, Cohen’s d = .24).
There was no difference between Item Labels and Numeric
Aggregation (p = .70; see Figure 3, Panel C).

Meal Revisions. Traffic Light Aggregation again led to signifi-
cantly more meal revisions than the other conditions (for full
details, including analyses for item additions, see the Web
Appendix). Specifically, Traffic Light Aggregation caused
more item removals (M = 1.19, 95% CI = [1.01, 1.36]) than
Control (M = .63, 95% CI = [.54, .72]), Item Labels (M = .65,
95% CI = [.54, .77]), or Numeric Aggregation (M = .79, 95%
CI =[.68, .90]) (all ps <.001). Numeric Aggregation also signifi-
cantly increased removals compared with Control (t(1,163) =
2.20, p = .028, Cohen’s d = .13). There were no other significant
differences between conditions in the number of item removals.

Mediation. We again conducted a moderated mediation analysis
to test item removals and number of items, standardized, as pos-
sible mediators to explain the benefits of Traffic Light
Aggregation relative to Numeric Aggregation (Figure 3, Panel D).
A bootstrapped mediation with 5,000 replications revealed that
the number of item removals explained a significant proportion
of the effect of Traffic Light Aggregation on meal calories
among those who surpassed 750 calories (p = —.035, SE =
.011, 95% CI = [-.057, —.014], z = 3.57, p = .001), but not
among those who did not surpass 750 calories (p = .001, SE =
.004, z = .39, p = .70). Ordering more items also explained a
marginally significant proportion of the effect of Traffic Light
Aggregation (f = —.034, SE = .018, z = 1.82, p = .068).

Discussion

As in the previous studies, Traffic Light Aggregation reduced
calories, mediated by more item removals among those who
saw yellow or red lights while ordering. This calorie-reducing
effect was significant even relative to a numeric condition
that provided all the same information, including numeric guid-
ance that mirrored the categories used by traffic lights, suggest-
ing that the intuitive nature of the Traffic Light format has an
additional impact in encouraging people to revise their meal.
Interestingly, and in contrast to Experiment 2, Numeric
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Aggregation provided no additional benefit over item-only
labels, despite the presence of numeric recommendations that
corresponded to traffic light thresholds.

In combination, Experiments 1-3 reveal robust benefits of
dynamically updated meal-level traffic light labels. They also
show that the effectiveness of these labels comes from consum-
ers’ ability to add and remove items prior to finalizing an order
when the meal-level traffic light changes color. An open ques-
tion, however, is exactly what property of traffic lights yields
these benefits. Traffic lights have two appealing properties
that can guide meal revisions: (1) they intuitively map on to a
specific action (e.g., a red light tells people to “stop” and
change their behavior, whereas a green light tells people to
“go ahead”), and (2) they provide discrete feedback that pro-
motes action when a threshold is crossed. Which property is
(most) critical for their observed benefits? The next experiments
were designed to address this question.

Experiment 4: Discrete Categories or
Intuitive Format?

To this point, we have argued that traffic light aggregation
works by providing more actionable information than
numeric information, guiding people to revise their meals in
response to feedback that their meals have exceeded the
calorie threshold where a green light turns into a yellow light.
However, such a design feature of traffic light aggregation

potentially conflates two avenues by which this information
provision affects revision decisions. Is the effect unique to the
format of traffic light labels and their intuitive design that
guides people to proceed with green light meals but revise
their meals when they see a yellow or red light? Or could the
same effect be found when any labeling approach provides dis-
crete, categorical feedback with clear thresholds between low
and moderate calorie categories? Employing a 2 (format:
numeric vs. traffic light) X 2 (aggregation type: continuous
vs. discrete) + 1 (no aggregation) design, Experiment 4 is
aimed to disentangle these two features: feedback format and
use of continuous versus categorical aggregation.

Methods

Participants. We recruited 4,008 participants from Prolific and
excluded 1,005 participants (25%) who (1) selected meals
that cost over $18, did not order any items (violating instruc-
tions), or ordered over 2,000 calories (n = 60), or (2) failed
the attention check question after the meal selection (n =
946).* These exclusion criteria were preregistered. In addition,

4 All of the main results are robust to the inclusion of inattentive participants.
We report detailed robustness checks (ordinary least squares regression analy-
ses) that include the full sample of participants in Table S15 of the Web
Appendix. In line with this robustness check, we do not include an attention
check in subsequent studies.
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we excluded two participants who did not select any items. The
final sample contains 3,002 observations (52% female, mean
age = 33.7 years).

Procedure. All participants chose a hypothetical meal from the
same menu that we used in Experiments 2 and 3 (see Figures
S10-S14 in the Web Appendix). Numeric calorie labels and
prices were marked on each item, and participants were ran-
domly assigned to one of five conditions: Item Labels (identical
to Item Labels in Experiment 2), Continuous Numeric
Aggregation (identical to Numeric Aggregation in Experiment
2), Discrete Numeric Aggregation, Continuous Traffic Light
Aggregation, or Discrete Traffic Light Aggregation (identical
to Traffic Light Aggregation in Experiment 2).

Participants in the Discrete Numeric Aggregation condition saw
one of the following three messages on the top of the meal selec-
tion screen as they were making their decision: “Total Calories:
below 750 cal,” “Total Calories: between 750 and 1,125 cal,” or
“Total Calories: over 1,125 cal.” Thus, instead of displaying the
running total of calorie content (as in the Continuous Numeric
Aggregation condition), only categorical feedback was provided.
These ranges were the same as the ranges that determined the
green/yellow/red lights in the Discrete Traffic Light Aggregation
condition (as in Experiments 2 and 3). To make the change
between the numeric categories more salient, we made the feed-
back message move vertically (i.e., upward/downward when
changing to higher/lower calorie categories), comparable to the
vertical alignment of green, yellow, and red traffic lights.

Participants in the Continuous Traffic Light Aggregation con-
dition saw a gradually changing traffic light as they were selecting
their meal. Both the color of the traffic light and the vertical posi-
tion of the light were programmed to be a continuous linear func-
tion of the selected total calories (i.e., there were no clear
boundaries between green/yellow/red lights). The lower (higher)
the total calorie content of the meal was, the greener (redder)
the traffic light was, and the lower (higher) the light was posi-
tioned vertically. The color and the vertical position of the light
in the Continuous Traffic Light Aggregation were identical to
the “classic” colors and positions used in the Discrete Traffic
Light condition at the midpoint of each range. That is, because
the calorie thresholds for the meal-level traffic lights in the
Discrete Traffic Light condition were 0-749 calories (green
light), 750-1,124 calories (yellow light), and 1,125+ calories
(red light), the traffic light in the Continuous Traffic Light aggre-
gation was identical in color to these at 375 calories (green), 937.5
calories (yellow), and 1,312.5 calories (red). For values lower
than 375 calories, we used the same green light as in the previous
experiments, and for values greater than 1,312.5 calories, we used
the same red light as before (see Figure 4, Panel A). As in the pre-
vious studies, each meal revision was recorded and time-stamped
in our data. Following the meal selection, participants answered
an attention check question, indicated whether they added or
removed any item simply for the sake of exploration (“Did you
add or remove any items just to explore how the menu works,
out of curiosity?”’; yes/no), and reported their gender and age.

Results

Calories ordered. Both versions of Traffic Light Aggregation
(Discrete: M = 871 calories, 95% CI = [846, 896];
Continuous: M = 860, 95% CI = [835, 886]) significantly
reduced total calories compared with Item Labels (M = 956,
95% CI = [925, 986]; Discrete: t(1,159) = 4.24, p < .001,
Cohen’s d = .24: Continuous: t(1,159) = 4.75, p < .001,
Cohen’s d = .27). We observed no significant difference
between the two types of Traffic Light Aggregation (t(1,200)
= .57, p = 571, Cohen’s d = .03). By contrast, Discrete
Numeric Aggregation (M = 928, 95% CI = [899, 956]) and
Continuous Numeric Aggregation (M = 934, 95% CI = [906,
963]) did not significantly reduce total calories compared
with Item Labels (Discrete: t(1,195) = 1.32, p = .188,
Cohen’s d = .08; Continuous: t(1,196) = 1.00, p = .319,
Cohen’s d = .06). In addition, we found no significant differ-
ence in total calories ordered between the two types of
Numeric Aggregation (t(1,198) = .33, p = .743, Cohen’s d =
.02). Finally, both types of Traffic Light Aggregation reduced
total calories significantly compared with both types of
Numeric Aggregation (all ps < .004) (see Figure 4, Panel B).

Regression analyses. To investigate whether there was an inter-
action between aggregation type and feedback type, we con-
ducted ordinary least squares regression analyses (Web
Appendix, Tables S12-S16). Compared with Item Labels,
Traffic Light Aggregation (either continuous or discrete) led
to a significant reduction of total calories (f = —95.3, t(2,997)
=4.77,p <.001). Traffic Light Aggregation was also associated
with a significant reduction in average calories per item (p =
—25.3, %(2,997) = 4.29, p < .001), a significant increase in
item additions (p = .88, 1(2,997) = 6.73, p <.001), and a signif-
icant increase in item removals (f = .96, t(2,997) = 7.97, p <
.001). By contrast, Numeric Aggregation did not differ from
Item Labels in any way (all ps > .10).

There were no significant main effects of feedback type on
total calories, items selected, or average calories per item, nor
did we find a significant interaction between aggregation type
and feedback type (all ps > .10). The only effect feedback
type had was a slight increase in the number of revisions:
when feedback was provided in a discrete format (either
numeric or traffic light), people added marginally significantly
more items (f = .22, %(2,997) = 1.70, p = .089) and removed
significantly more items (f = .24, #(2,997) = 1.97, p = .049).
All the main results are robust to demographic controls, the
inclusion of participants who failed the attention check, or the
exclusion of people who reported that they had added or
removed items out of curiosity.

Discussion

Overall, those presented with Traffic Light Aggregation (either
discrete or continuous) ordered lower-calorie items, leading to a
90-calorie reduction (—9.4%) in meal calories relative to label-
ing items alone. By contrast, Numeric Aggregation led to a
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Figure 4. Experiment 4: Experimental manipulation and effects of
labeling conditions on meal calorie content.

Notes: Error bars indicate +1 SE. For the actual meal selection screens in Panel
A, see Figures SI0-S14 in the Web Appendix. Aggreg. = Aggregation.

much smaller, nonsignificant 25-calorie reduction (—2.6%) rel-
ative to no aggregation. The lack of a main effect of feedback
type and the lack of an interaction between feedback type and
label type strongly suggest that it is not the categorical nature
of the traffic light aggregation that prompts people to revise
their order. Rather, it appears that the intuitive traffic light
format triggers meal revisions, even when there are not discrete
thresholds to discriminate between healthy and unhealthy
meals. Thus, Experiment 4 demonstrates that gradual feedback
presented as a continuously changing traffic light is as efficient
as the classic three-color (discrete) traffic light feedback, and
both of these are superior to numeric aggregation, regardless
of how numeric feedback is provided.

Experiment 5: Intuitive Versus Unintuitive
Feedback

In Experiment 5, we tested whether the effectiveness of the traffic
light aggregation observed in previous studies was due to the
intuitive nature of the traffic light graphic or to the increased
visual salience offered by multicolored dynamic feedback. It is
possible that dynamically updating numeric values do not grab
as much attention as changing colors that represent the calorie
content of the meal, and that any colorful or otherwise visually

salient display of total meal calories would work as well. By con-
trast, we predict that feedback can be very visually salient or use
familiar symbols but will not achieve substantial calorie reduc-
tions unless its interpretation is intuitive. In Experiment 5, we
compare our standard traffic light graphic with a less intuitive
version of traffic lights with different colors, and we also test a
new intuitive labeling system (emojis) against visually similar
(but unintuitive) abstract symbols.

Methods

Participants. We recruited 3,036 participants from Prolific and
excluded 26 participants (.9%) whose meals cost over $18 or
contained over 2,000 calories (exclusion criteria were preregis-
tered). The final sample contains 3,010 observations (52%
female, mean age = 31.8 years).

Procedure. Participants chose a hypothetical meal from the same
menu that we used in Experiments 2—4 (see Figures S15-S19 in
the Web Appendix). Meal selection was not time constrained:
participants could spend as much (or as little) time selecting
items from the menu as they wanted. Numeric calorie labels
and prices were marked on each item, and participants were ran-
domly assigned to one of five conditions: Item Labels (identical
to Experiments 2 and 4), Intuitive Traffic Light Aggregation
(identical to previous experiments), Unintuitive Traffic Light
Aggregation, Intuitive Symbol Aggregation, or Unintuitive
Symbol Aggregation.

Participants in the four aggregation conditions received real-
time graphic feedback about the overall calorie content of their
meals, based on the same thresholds used in Experiments 2—4),
and we manipulated the type of graphic that represented the
low/moderate/high ranges across conditions. In the Intuitive
Traffic Light Aggregation condition, the feedback was pre-
sented in the form of the “classic” green/yellow/red traffic
lights. In the Unintuitive Traffic Light Aggregation condition,
participants saw a horizontally aligned traffic light graphic,
with purple/white/blue indicating the low/moderate/high
ranges of total calories.

In the Intuitive Symbol Aggregation condition, feedback
was presented in the form of emojis (happy/neutral/sad repre-
senting low/moderate/high), which were chosen to be more
intuitive in meaning than their control comparison, the
Unintuitive Symbol Aggregation condition, consisting of
equivalently colored yellow circles but with unintuitive
symbols (#, @, and * representing low, moderate, and high,
respectively) instead of faces. Even though these keyboard
symbols are likely familiar to consumers, we argue that they
are unintuitive in this context because their relationship to
meal calories is unclear in the absence of an explanatory
legend. By contrast, emoji feedback is intuitive because it
clearly signals either happiness, neutrality, or sadness about
the healthiness of the meal selected. Importantly, we kept the
visual salience and size of the graphic feedback as similar as
possible across conditions (see Figure 5, Panel A). All four
aggregation conditions featured a prominent explanation
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displayed directly under the graphic feedback to clarify which
range each symbol or light represented. Thus, information
was visually similar and semantically equivalent across condi-
tions, but the unintuitive conditions were expected to require
participants to consult the legend that explained what the
lights meant, whereas the intuitive conditions were expected
to require less translational work. As in the previous studies,
each meal revision was recorded and time-stamped in our
data. Following the meal selection, participants provided their
gender and age to complete the study.

Results

Calories ordered. We report the effects of the different labeling
conditions on meal calories in Figure 5, Panel B. Intuitive
Traffic Light Aggregation (M = 874 calories, 95% CI = [850,
899]) significantly reduced total calories compared with Item
Labels (M = 970, 95% CI = [941, 999]; t(1,167) = 4.93, p <
.001, Cohen’s d = .28). By contrast, Unintuitive Traffic Light
Aggregation (M = 940, 95% CI = [914, 966]) did not signifi-
cantly reduce total calories compared with Item Labels
(t(1,186) = 1.49, p = .137, Cohen’s d = .09). Indeed, Intuitive
Traffic Light Aggregation led to significantly fewer calories
than Unintuitive Traffic Light Aggregation (t(1,198) = 3.63,
p < .001, Cohen’s d = .21). This supports our prediction that
the intuitiveness of traffic light aggregation drives the greatest
reduction in meal calories, rather than mere novelty or salience.

As a further test of the benefits of intuitive labeling, we find
that Intuitive Symbol (emoji) Aggregation (M = 909 calories,
95% CI = [881, 936]) significantly reduced total calories com-
pared with Item Labels (t(1,196) = 3.02, p = .003, Cohen’s
d = .17), whereas the Unintuitive Symbol Aggregation (M =
926, 95% CI = [899, 954]) led to a more modest reduction of
total calories compared with Item Labels (t(1,198) = 2.13,
p = .033, Cohen’s d = .12). That is, although graphic aggrega-
tion works to reduce meal calories, and even an arbitrary symbol
like “#” can be combined with dynamic feedback to motivate
calorie reductions, the largest reductions are consistently
achieved when graphic aggregation uses intuitive imagery.
Notably, Intuitive Traffic Light Aggregation (M = 874 calories)
achieved the lowest-calorie meals of all conditions; it led to a
marginally significant reduction of total calories compared
with Intuitive Symbol Aggregation (t(1,189) = 1.84, p = .066,
Cohen’s d = .11) and statistically significant reductions of
total calories compared with the Unintuitive Aggregation condi-
tions (both ps < .006).

Discussion

Experiment 5 demonstrated that intuitive Traffic Light
Aggregation (green/yellow/red lights) helps consumers
reduce total calories primarily by providing intuitive feed-
back. This experiment refutes several alternative accounts
that could explain the findings in previous studies. First, in
Experiment 5, all aggregation conditions featured visually
salient graphical feedback, yet we still observed superiority

of traffic light aggregation, which suggests that the results
were not driven by mere enhanced visual salience. Second,
we demonstrated that the effect of intuitive, dynamic feed-
back is not strictly limited to traffic lights, as we observed
the intuitive emojis (happy, neutral, sad) to be almost as effi-
cient as traffic lights. This, combined with the finding that
the wunintuitive traffic lights did not help consumers to
reduce total calories, strongly suggests that it is the intuitive-
ness of the traffic light aggregation that primarily explains its
effect, not necessarily its format (i.e., symbol vs. lights).

Internal Meta-Analysis of Effect Sizes Across
All Experiments

To identify the average effect size of traffic light aggregation and
to compare effect sizes across different labeling formats, we con-
ducted a fixed-effects meta-analysis using the R packages
metafor (Viechtbauer 2010) and metaviz (Kossmeier, Tran, and
Voracek 2019). Using this approach, we determined the overall
effect size (and associated standard error) of different calorie
label formats, incorporating data from Experiments 1-5 as well
as from Supplemental Experiments 1-4.> To enable cross-study
comparisons, we first standardized the total calories measure
within each experiment and then calculated the standardized
effect sizes (Cohen’s d) for the differences between the
numeric item labels only condition and the other conditions
within each experiment. We chose the numeric item labels con-
dition as a reference for our comparisons for two reasons: this
condition was present in all studies, and this calorie labeling
type is the most frequently used in real-world settings; therefore,
it serves as the most informative and externally valid baseline.
We estimated the average effect sizes (relative to numeric item
labels) for five types of calorie labeling: (1) no label, (2) traffic
light-item labels only (present only in supplemental experiments),
(3) traffic light item labels combined with traffic light meal label
(present only in supplemental experiments), (4) numeric item
labels combined with numeric meal label (both discrete and con-
tinuous), and (5) numeric item labels combined with traffic light
meal label (both discrete and continuous). We then calculated
the overall standardized effects as the weighted average across
experiments, using the study weights assigned by the meta-
analysis. Figure 6 summarizes the results of this meta-analysis.
The overall effect of numeric item labels combined with a
traffic light meal label was associated with the largest reduction
in calories among all labeling types (M = —.235, 95% CI =
[—.275, —.194]; Z = 11.38, p < .001). The overall effect of a
numeric meal label combined with numeric item labels was
also significant (M = —.071, 95% CI = [-.122, —.020]; Z =
2.73, p = .006) but was only about one-third as strong as the

> We included only those conditions that were present in at least two experi-
ments in the meta-analysis. Therefore, we excluded three Experiment 5 condi-
tions—Unintuitive  Traffic Light Aggregation, Unintuitive Symbol
Aggregation, and Intuitive Symbol Aggregation—as there was no overall
effect size to calculate using this method.
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Figure 5. Experiment 5: Experimental manipulation and effects of labeling conditions on meal calorie content.
Notes: Error bars indicate +1 SE. Traffic L. = Traffic Light; Aggreg. = Aggregation.
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effect of traffic light aggregation. When only traffic light item
labels were present, there was no significant reduction in calo-
ries compared with numeric item labels (M = —.031, 95% CI =
[—.135, .074]; Z = .57, p = .568). When traffic light item labels
were combined with a traffic light meal label, we found a signifi-
cant reduction of calories (M = —.121, 95% CI = [-.224, —.018];
Z =2.29, p = .022), though this effect was only about half as
strong as the effect of traffic light aggregation combined with
numeric item labels. Finally, the effect of the absence of calorie
labeling was significantly positive; that is, participants ordered
significantly more calories when they had no calorie information
compared with when they were exposed to item labels (M = .121,
95% CI = [.045, .192]; Z = 3.29, p = .001).

General Discussion

Across five experiments, we demonstrate the benefits of an intu-
itive meal-level calorie label. Specifically, dynamically aggre-
gated meal-level calorie labels presented on menus in a traffic
light format reduce total calories ordered. An internal meta-
analysis of these experiments showed that traffic light aggregation
is the most effective labeling approach, leading to a reduction in
meal calories considerably larger than numeric aggregation or
item labels alone. Traffic light aggregation outperforms other
labeling formats even when recommendations for meal calorie
content are provided, and regardless of whether aggregated feed-
back is continuous or presented in discrete categories. This sug-
gests that the intuitive nature of the traffic light format is
responsible for its superior effectiveness. Although real-time
aggregated calorie information reduces the number of items
ordered across all labeling formats, including numeric aggrega-
tion, only traffic light aggregation leads to additional calorie
reductions by encouraging people to replace high-calorie items
with healthier substitutes.

We also show consistent and robust evidence for the process
by which traffic light aggregation leads to calorie reductions rel-
ative to numeric aggregation: among those who consider
higher-calorie meals, warnings provided by traffic light
aggregation (i.e., the appearance of a yellow or red light)
prompt more revisions, which lead to selections of lower-
calorie meals.

One important question about the preceding studies is
whether providing meal-level traffic light labels is the optimal
approach, or whether alternative labeling (e.g., featuring static
traffic light labeling on individual items) would work equally
well. In a pair of supplemental experiments conducted across
two different populations (Web Appendix, Supplemental
Experiments 2 and 3), we tested a range of labeling approaches,
including the use of traffic light calorie labels for individual
items instead of numeric item labels. In these experiments,
we again found that providing dynamically updated meal-level
calorie information reduced the calorie content of orders rela-
tive to static information.

We also conducted an experiment (Web Appendix,
Supplemental Experiment 4) in which we found feedback inter-
ventions to work similarly well even in the presence of

increased cognitive load. While paying attention to an audio
conversation, consumers seeing traffic light aggregation contin-
ued to order fewer calories compared with those who only had
numeric item labels. This seems to indicate that rather than
simply motivating consumers to think harder about their selec-
tions (as prescriptive guidance might achieve), traffic light
aggregation facilitates lower-calorie decisions in an intuitive
manner that does not require much working memory.

Implications for Marketers and Managers

The COVID-19 pandemic and corresponding restrictions on
in-person dining options have forced many food marketers to
consider ways to engage their consumers via virtual platforms,
reducing the direct contact between diners and restaurant
staff. The delivery apps DoorDash, UberEats, Grubhub, and
Postmates saw their collective revenue more than double over a
six-month period in 2020, but consumer retention by individual
apps has remained quite low, suggesting a need for additional
ways to appeal to customers and build brand loyalty given the
expenses associated with delivery and marketing (Dhillon and
Wu 2021). Online food ordering platforms can clearly leverage
these findings to promote healthier meal selections, attract health-
conscious diners, and even increase customer satisfaction (see
Supplemental Experiment 1 in the Web Appendix). Furthermore,
the technological advances that allowed this study to deliver
dynamic aggregation of information are not restricted to delivery
services. Self-ordering kiosks are now available in many restau-
rants and food courts, mobile ordering for curbside pickup has
experienced a substantial uptick in popularity, and cafeterias
(e.g., at hospitals or universities) have frequently shifted meal
ordering to virtual environments, where they can then use aggre-
gated labeling to help their customers make healthier decisions.
The benefits of providing consumers with aggregated nutrition
information in real time, and allowing them to adjust their deci-
sions prior to final purchasing decisions, can be delivered using
a diverse array of digital tools such as websites, mobile apps, and
tabletop ordering tablets (Gao and Su 2018).

We believe restaurants can leverage this tool to simultaneously
promote themselves as a healthy brand and enhance customer sat-
isfaction and sales. Though it is possible that some restaurant
patrons would resist prescriptive efforts to influence their ordering
decisions, we propose that a dynamic feedback system feels more
flexible and responsive (and less paternalistic) than other efforts to
influence health decisions and should meet with less consumer
reactance or political opposition as a result. Rather than identifying
particular items as healthy or unhealthy, or trying to set healthy
defaults (e.g., a turkey burger rather than beef burger) that may
backfire by driving customers away (Colby, Li, and Chapman
2020), menus that provide guidance at the meal level via aggre-
gated feedback encourage customers to select balanced meals
and facilitate complementary choices (Dhar and Simonson
1999). A meal can include a dessert or soda and still receive a
green or yellow light, so long as consumers use the information
provided to choose a low-calorie entree. Restaurants could
suggest meal combinations of “vice—virtue bundles” (Liu, Haws,
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Figure 6. Results of the fixed-effects meta-analysis, dependent measure: total calories.
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et al. 2015) or allow consumers to build their own combinations
with varying sizes of relevant options (Haws and Liu 2016), incor-
porating both virtuous options (e.g., an entrée-sized salad) and
unhealthier vice options (e.g., a small side order of French fries)
in a single bundle that receives a green-light label as a meal.
Restaurants and food delivery services may need to be crea-
tive in scaling aggregation to decisions other than individual

meals; when consumers go online to order meals for multiple
people, websites can facilitate the partitioning of orders by
asking for a name for each meal—a practice that may in turn
help the restaurant to organize and label orders for pickup.
Feedback becomes more difficult when items are meant to be
shared (like pizzas), though this limitation applies to item-level
labeling as well. Websites could offer consumers the ability to



964

Journal of Marketing Research 58(5)

create personalized profiles to tailor traffic light labels based on
consumers’ height, weight, or even individual preferences
regarding the size of a given meal (e.g., adjusted calorie thresh-
olds for an afternoon snack or a pizza to be shared). Such per-
sonalized feedback need not be restricted to calories but could
be customized according to nutritional information that is
closely aligned with other aspects of one’s medical history or
goals, such as basing labels on sodium content for those with
hypertension. Labeling could even go beyond nutritional infor-
mation, such as providing information about the environmental
impact of food items (Camilleri et al. 2019).

Future research could test the impact of different traffic light
thresholds to fine-tune a traffic light guidance approach; our
Experiment 1 used different calorie thresholds than Experiments
2-5 but found similar effects; Experiment 4 showed that even
continuous traffic light labels that remove defined “thresholds”
similarly promote calorie reductions. It remains open to investiga-
tion whether there is an ideal calorie content to equate to each
color light, whether these calorie-color associations should vary
between consumers, what thresholds should be used for
non-calorie-based guidance, and how widely color-coding could
vary and still obtain the desired outcome. Going forward,
researchers could also extend these principles of intuitive,
dynamic feedback to other decision-making contexts, such as
shopping while on a financial budget or planning an organiza-
tion’s expenditures for the upcoming quarter.

Applications Beyond Food Labeling

Intuitive labels, such as the traffic light format used here, have
applications beyond calorie information and food ordering.
There is a wide range of situations in which the long-term inter-
ests of individuals require them to stop when some limit is
reached or reconsider their actions when some threshold is
passed (e.g., shopping, gambling, staying up too late, spending
time on social media). Individuals often choose to avoid informa-
tion that would interfere with their intuitive preferences (Woolley
and Risen 2018) or their desire to yield to the immediate gratifi-
cation offered by tempting options (Bazerman, Tenbrunsel, and
Wade-Benzoni 1998; Bitterly et al. 2015). However, we show
that traffic light labels provided as real-time feedback promote
revisions of initial choices. Particularly when people either lack
insight into the long-term consequences of their own actions or
have problems with willpower, traffic lights provide the kind
of useful, clear signal that can potentially change behavior for
the better. Although the literature on interventions to promote
self-control is already quite vast (for a recent review, see
Duckworth, Milkman, and Laibson [2018]), dynamic traffic
light labeling may be a novel and particularly flexible approach
to aid individuals in many different situations.

With the advent of the internet and smartphones, there are
expanded opportunities for providing people with aggregated
information as well. For example, smartphone users can learn
their screen time over the past week, both cumulative and per
application, perhaps motivating a shift away from an addictive
game or social media platform. Similarly, pedometers actively

running in the background of one’s phone can provide aggregated
step count information over the day, week, month, or year to
encourage exercise goals and identify patterns of good and bad
performance. Real-time aggregation of information regarding
others’ behavior can also motivate action—for example, learning
that others have recently donated to a charitable cause can make it
seem more likely that the charity’s goal will be reached, making
one’s contributions feel important and likely to have an immediate
impact (Camilleri and Larrick 2019).

Even more broadly, the current research highlights the
potential benefit from providing people with more intuitive
feedback in a wide range of situations. As is the case for
traffic light labeling, this can involve providing feedback
using symbols and systems that people can immediately com-
prehend in contexts that people would otherwise have difficulty
understanding and navigating. Such labeling systems can even
be customized to match the spirit of the underlying information.
For example, if people at risk of hypertension do not have an
intuitive understanding of blood pressure, they could poten-
tially be given feedback in the form of an inflating balloon
rather than (or in conjunction with) blood pressure numbers,
thus conveying the essential meaning that as blood pressure
(balloon inflation) increases, danger increases as well. For
people who need help maintaining a pool of savings for incidental
or emergency expenses, instead of providing numerical feedback
about how much they have saved, banks could provide a picture
ofareservoir that is more or less empty or full. These types of feed-
back might also be conducive to gamification—for instance, the
saver could be presented with dynamic information in which
their goal is to maintain the depth of water in a reservoir, with
game-like warnings and milestones presented to add a sense of
urgency so people do not delay in adding funds.

The ability to examine consumers’ dynamic choices—their
addition and removal of items—exploited in our analyses has
potential benefits that go beyond research. Retailers and mar-
keting researchers are always searching for information to dif-
ferentiate consumers into “types” with unique patterns of
behavior who may respond differently to specific environments
and interventions. Consumers’ dynamic decisions in the context
of food, or indeed any domain, have the potential to provide
such ancillary path data beyond their ultimate choices (Hui,
Fader, and Bradlow 2009). Many websites already collect, and
presumably make use of, not only consumers’ clicks on websites
but even their mouse movements (Englehardt 2017). Our research
suggests that consumer behavior in response to dynamic feed-
back, such as that provided by traffic light labels, may be espe-
cially diagnostic.

Concluding Thoughts

Traffic light calorie aggregation to provide a dynamic, cumulative
signal regarding the healthiness of a meal helps consumers order
lower-calorie meals by encouraging revisions of meals in real
time. These results have clear policy implications to expand
traffic light calorie labeling to promote lower calorie consump-
tion, which should be considered in the context of industry and
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consumer responses to individual item labeling. Given persistent
consumer demand for tools to help make healthier decisions,
traffic light aggregation may be a meaningful and exciting offer-
ing for restaurants, cafeterias, websites, and apps to consider.
Decision makers stand to benefit from platforms that provide
them with not merely more information but timely, actionable
information that identifies when to go ahead with a decision as
planned and when they need to stop and reconsider.
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