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Abstract. We examine the effectiveness in ﬁeld settings of seven healthy eating nudges, clas-

siﬁed according to whether they are (1) cognitively oriented, such as “descriptive nutritional
labeling,” “evaluative nutritional labeling,” or “visibility enhancements”; (2) affectively oriented, such as “hedonic enhancements or “healthy eating calls”; or (3) behaviorally oriented,
such as “convenience enhancements” or “size enhancements.” Our multivariate, three-level
meta-analysis of 299 effect sizes, controlling for eating behavior, population, and study characteristics, yields a standardized mean difference (Cohen’s d) of 0.23 (equivalent to −124 kcal/day).
Effect sizes increase as the focus of the nudges shifts from cognition (d = 0.12, −64 kcal) to
affect (d = 0.24, −129 kcal) to behavior (d = 0.39, −209 kcal). Interventions are more
effective at reducing unhealthy eating than increasing healthy eating or reducing total eating.
Effect sizes are larger in the United States than in other countries, in restaurants or cafeterias
than in grocery stores, and in studies including a control group. Effect sizes are similar
for food selection versus consumption and for children versus adults and are independent
of study duration. Compared with the typical nudge study (d = 0.12), one implementing the
best nudge scenario can expect a sixfold increase in effectiveness (to d = 0.74) with half
the result of switching from cognitively oriented to behaviorally oriented nudges.
History: Kusum Ailawadi served as the senior editor and Gerard Tellis served as associate editor for this
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types of healthy eating nudges; classiﬁes them into a
conceptually grounded framework; and studies their
effectiveness in the ﬁeld after controlling for the effects
of important differences in eating behaviors, population,
and study characteristics.
Nudges are deﬁned by Thaler and Sunstein (2008, p. 6)
as “any aspect of the choice architecture that alters
people’s behavior in a predictable way (1) without
forbidding any options or (2) signiﬁcantly changing
their economic incentives. Putting fruit at eye level
counts as a nudge; banning junk food does not.” By this
deﬁnition, which has been adopted by inﬂuential review
papers (e.g., Hollands et al. 2013 and Skov et al. 2013),
healthy eating nudges encompass a variety of simple, inexpensive, and freedom-preserving modiﬁcations to the
choice environment, such as nutrition labeling or portionsize changes. Excluded, however, are traditional educational efforts, such as cooking workshops in schools
or nutrition pamphlets to parents (Wake 2018), which
do not directly change the choice environment and are,
therefore, complements of nudges rather than nudges
per se (Sunstein 2018b). Price changes or sales promotions are also not considered nudges because they
provide a direct economic incentive. Notwithstanding,

1. Introduction
Unhealthy eating is a key risk factor in noncommunicable
diseases such as cardiovascular disorders and diabetes,
which account for 63% of all deaths worldwide and
will cost an estimated US$30 trillion in the next 20 years
(Bloom et al. 2012). Traditional approaches to promote
healthier eating include economic incentives, such as
soda taxes (for a recent review, see Afshin et al. 2017)
and nutrition education (for a recent review, see Murimi
et al. 2017).
More recently, interest has grown in nudge interventions as a spur to healthier eating. Disappointingly,
existing meta-analyses have only found average effect
sizes ranging from null or weak (e.g., Long et al. 2015,
Cecchini and Warin 2016, and Littlewood et al. 2016)
to moderate (e.g., Hollands et al. 2015 and Arno and
Thomas 2016). However, these were based on a small
number of studies (e.g., 19 for Long et al. 2015), speciﬁc
foods (e.g., vegetables for Broers et al. 2017), speciﬁc
settings (e.g., catering outlets for Nikolaou et al. 2014),
or included online or laboratory studies (e.g., Sinclair
et al. 2014) for which effect sizes tend to be different
than in ﬁeld studies (Long et al. 2015, Holden et al. 2016).
The literature still lacks a meta-analysis that includes all
465
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in the general discussion we make a comparison between nudges and ﬁnancial incentives by reanalyzing
the data from a recent meta-analysis of price changes
on healthy eating (Afshin et al. 2017).
To achieve our goal, we identify seven types of healthy
eating nudges classiﬁed in three categories: cognitively
oriented, affectively oriented, and behaviorally oriented.
Our framework also accounts for the type of eating behavior (food selection or actual consumption) and distinguishes between healthy and unhealthy eating. It also
considers population characteristics such as age (children
vs. adults), consumption setting (on-site cafeterias vs. offsite restaurants, cafes vs. grocery stores), and location of
the study (United States vs. other countries) as well as
characteristics such as the duration of the study and its
design. We test this framework with a three-level metaanalysis of 299 effect sizes from 90 articles and 96 ﬁeld
studies.
As shown in Table 1, our work contributes to the
many useful existing meta-analyses in terms of (1) scale
and scope, (2) method, and (3) categorization of predictors. In terms of scale and scope, we examine more
than twice as many effect sizes as the largest existing
meta-analysis. This is achieved despite focusing only
on ﬁeld experiments involving actual food choices (vs.
perception, evaluation, or choice intentions) and conducted in ﬁeld settings (on-site cafeterias, off-site eateries, or grocery stores) rather than in a laboratory or
online. This allows us to offer guidance to restaurants,
supermarket chains, and food-service companies that
want to help their customers eat more healthily but do
not know which intervention will work best in their
particular context. We also provide guidance for policy
makers seeking to forecast the effects that these nudges
would have in real-world settings.
Methodologically, our meta-analysis differs from earlier ones on three levels. First, we formulate hypotheses
about which healthy eating nudges work best and the
effects of eating behavior, the study population, and study
design. Second, to reduce the risk of confounds from
univariate analyses, we employ a multivariate model incorporating all predictors simultaneously. Third, we
include a three-level analysis to take into account the
hierarchical structure of our data. Finally, as Table 1
shows, we use a more granular predictor structure compared with existing meta-analyses, which either estimate
the effect size of a single type of healthy eating nudge or
compare the effect of a single difference (e.g., descriptive
vs. evaluative labeling).
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focus on ﬁner and ﬁner distinctions. For example,
Hollands et al. (2013) initially distinguished three
types of nudges, whereas even the simpliﬁed version
of their more recent TIPPME typology contains 18
categories (Hollands et al. 2017). Our framework
keeps a ﬁne level of analysis by distinguishing between seven types of nudges, which is useful for policy
makers or practitioners who want to know the effect size
of a particular intervention instrument, and then groups
them into three theory-grounded categories, which allows us to make predictions about their effectiveness. As
shown in Figure 1, our framework also differs from the
existing literature by also taking into account not just
the type of nudge, but also the type of eating behavior
(selection vs. consumption, healthy vs. unhealthy eating) and population characteristics (location, age, and
country) as well as study characteristics (duration and
design).
2.1. Intervention Type
2.1.1. Conceptual Level. We draw on the classic tripartite classiﬁcation of mental activities into cognition,
affect, and behavior (or conation), which dates back to
18th-century German philosophy (Hilgard 1980). The
trilogy of mind has long been adopted in psychology
and marketing to understand consumer behavior and
predict the effectiveness of marketing actions (Breckler
1984, Barry and Howard 1990, Oliver 1999, Srinivasan
et al. 2010, Hanssens et al. 2014). As shown in Figure 1,
we distinguish between (1) cognitively oriented interventions that seek to inﬂuence what consumers
know, (2) affectively oriented interventions that seek
to inﬂuence how consumers feel without necessarily
changing what they know, and (3) behaviorally oriented
interventions that seek to inﬂuence what consumers do
(i.e., their motor responses) without necessarily changing what they know or how they feel. Within each type,
we further distinguish subtypes that share similar characteristics and have been tested by enough studies to
enable a meaningful meta-analysis. This subcategorization is based on existing classiﬁcations, such as the
distinction between descriptive and evaluative nutritional labeling (Sinclair et al. 2014, Fernandes et al. 2016).
We acknowledge that the cognitive–affective–behavioral
categorization is not iron clad and that it is possible for
some nudges to have features that straddle multiple
categories. In the discussion, we examine how changes
in the categorization affect the results.
2.1.2. Cognitively Oriented Interventions. As described

2. Conceptual Framework
As shown in Table 2, the existing frameworks of
healthy eating nudges are either based on the intervention instrument (e.g., a label, size of plate) or based
on the hypothesized mechanisms of action (e.g., attention vs. social norm). Over the years, they have tended to

in Table 3, we identify three types of cognitively oriented interventions. The ﬁrst type, “descriptive nutritional labeling,” provides calorie count or information
about other nutrients, be it on menus or menu boards in
restaurants or on labels on the food packaging or near
the foods in self-service cafeterias and grocery stores.
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Table 1. Comparing Meta-Analyses of Healthy Eating Nudges
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Table 2. A Comparison of Frameworks of Healthy Eating Nudges

Authors
Dolan et al. (2012)
Ly et al. (2013)
Chance et al. (2014)
Behavioural Insight
Team (2014)
Wansink (2015)
Kraak et al. (2017)
Hollands et al. (2013)
Hollands et al. (2017)

Framework
MINDSPACE: Messenger, incentives, norms, defaults,
salience, priming, affect, commitments, ego
A practitioner’s guide to nudging
4 Ps: Possibilities, process, persuasion, person
EAST: Easy, attractive, social, timely
CAN: Convenience, attractiveness, normativeness
8 Ps: Place, proﬁle, portion, pricing, promotion, healthy
default picks, prompting or priming, proximity
TIPPME: Typology of interventions in proximal
physical micro-environments
TIPPME: Updated version
This framework
Conceptual level: Cognitively, affectively, and
behaviorally oriented
Nudge level: Descriptive nutrition labeling, evaluative
nutrition labeling, visibility enhancements, hedonic
enhancements, healthy eating calls, convenience
enhancements, size enhancements

The second type, “evaluative nutritional labeling,” typically (but not always) provides nutrition information
and also helps consumers interpret it through colorcoding (e.g., red, yellow, green as nutritive value increases) or by adding special symbols or marks (e.g.,
heart-healthy logos or smileys on menus). Although
the third type, “visibility enhancement,” does not
directly provide health or nutrition information, it is
a cognitively oriented intervention because it informs consumers of the availability of healthy options
by increasing their visibility on grocery or cafeteria
shelves (e.g., placing healthy options at eye level and
unhealthy options on the bottom shelf) or on restaurant menus (e.g., placing healthy options on the ﬁrst
page and burying unhealthy ones in the middle).
Because people typically look at only a subset of the
Figure 1. Conceptual Framework
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options available to them (Chandon et al. 2009), making healthy options more visible and unhealthy options less visible, thus, changes the information about
the range of healthiness or nutrition options they can
choose from.
2.1.3. Affectively Oriented Interventions. The ﬁrst type

of affectively oriented interventions, which we call
“hedonic enhancements,” seeks to increase the hedonic
appeal of healthy options by using vivid hedonic descriptions (e.g., “twisted citrus-glazed carrots”) or attractive displays, photos, or containers (e.g., “pyramids
of fruits”). To date, no ﬁeld experiment has sought
to reduce hedonic enhancement expectations for unhealthy options by using disparaging descriptions or
unattractive photos. These interventions are affectively
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Table 3. Categorization of Nudge Interventions
Type

Target: Healthy eating (k = 180)

Target: Unhealthy eating (k = 79)

Descriptive
nutritional
labeling (k = 34)

Calorie or nutrition labeling (Dubbert et al. 1984;
Chu et al. 2009; Elbel et al. 2009, 2011, 2013;
Pulos and Leng 2010; Roberto et al. 2010;
Bollinger et al. 2011; Dumanovsky et al. 2011;
Finkelstein et al. 2011; Tandon et al. 2011;
Webb et al. 2011; Auchincloss et al. 2013;
Brissette et al. 2013; Downs et al. 2013; Ellison
et al. 2013; Krieger et al. 2013; Vanderlee and
Hammond 2014; Vasiljevic et al. 2018)

Evaluative
nutritional
labeling (k = 43)

Green stickers, smileys, “heart healthy” logos
(Levin 1996; Hoefkens et al. 2011; Ogawa et al.
2011; Kiesel and Villas-Boas 2013; Levy et al.
2012; Reicks et al. 2012; Thorndike et al. 2012,
2014; Cawley et al. 2015; Ensaff et al. 2015; Gaigi
et al. 2015; Olstad et al. 2015; Mazza et al. 2017)

Red stickers next to unhealthier options
(Hoefkens et al. 2011; Levy et al. 2012;
Thorndike et al. 2012, 2014; Crockett et al.
2014; Shah et al. 2014; Olstad et al. 2015)

Visibility
enhancements
(k = 25)

Healthier options more visible: for example, eyelevel shelf position, transparent containers,
placed ﬁrst on menus, placed near cash
register (Meyers and Stunkard 1980, Perry
et al. 2004, Bartholomew and Jowers 2006,
Dayan and Bar-Hillel 2011, Levy et al. 2012,
Hanks et al. 2013, Foster et al. 2014, Cohen
et al. 2015, Ensaff et al. 2015, Policastro et al.
2015, Gamburzew et al. 2016, Geaney et al.
2016, Kroese et al. 2016)

Unhealthier options less visible (not eye-level
shelf positions, middle of the menu), previous
unhealthier consumption more visible: for
example, leftover chicken wings unbussed
(Meyers and Stunkard 1980, Bartholomew and
Jowers 2006, Wansink and Payne 2007, Dayan
and Bar-Hillel 2011, Baskin et al. 2016)

Hedonic
enhancements
(k = 7)

Vivid hedonic descriptions (e.g., “dynamite
beets”, “twisted citrus-glazed carrots”) or
attractive displays, photos, or containers
(Perry et al. 2004, Morizet et al. 2012, Hanks
et al. 2013, Olstad et al. 2014, Cohen et al. 2015,
Ensaff et al. 2015, Greene et al. 2017, Turnwald
et al. 2017, Wilson et al. 2017)

Healthy eating
calls (k = 42)

Written or oral injunction to choose healthier
options: for example, “make a fresh choice” or
“have a tossed salad for lunch” (Mayer et al.
1986, Buscher et al. 2001, Perry et al. 2004,
Schwartz 2007, Hanks et al. 2013, Mollen et al.
2013, Cohen et al. 2015, Ensaff et al. 2015,
Hubbard et al. 2015, van Kleef et al. 2015, Greene
et al. 2017, Mazza et al. 2017, Policastro et al. 2017,
Thomas et al. 2017, Anzman-Frasca et al. 2018)

Written or oral injunctions to change unhealthy
choices: for example, “your meal doesn’t look
balanced” or “would you like to take a half
portion?” (Freedman 2011, Schwartz et al.
2012, Mollen et al. 2013, Miller et al. 2016,
Donnelly et al. 2018)

Convenience
enhancements
(k = 65)

Healthier options are easier to select or consume:
for example, more convenient utensils; “grab
and go” line; presliced, preportioned, or
preserved food; healthy food as default or
placed earlier in a cafeteria line when the tray
is free (Buscher et al. 2001; Steenhuis et al.
2004; Adams et al. 2005; Lachat et al. 2009;
Rozin et al. 2011; Hanks et al. 2012; Goto et al.
2013; Wansink and Hanks 2013; Wansink et al.
2013, 2016; Olstad et al. 2014; Cohen et al.
2015; Redden et al. 2015; Tal and Wansink
2015; de Wijk et al. 2016; Elsbernd et al. 2016;
De Bondt et al. 2017; Friis et al. 2017; Greene
et al. 2017; Wilson et al. 2017)

Unhealthier options are less convenient to select
or consume: for example, making unhealthy
food less accessible or harder to reach, less
convenient serving utensils, or placed later in
a cafeteria line when the tray is full and
returning already-chosen healthier food
requires backtracking and inconveniencing
others (Rozin et al. 2011, Hanks et al. 2012,
Mishra et al. 2012, Wansink and Hanks 2013)

Size enhancements
(k = 17)

Larger plates for healthier options (DiSantis et al.
2013)

Smaller plates or portions for unhealthy options
(Diliberti et al. 2004; Wansink and Kim 2005;
Wansink et al. 2006, 2014; Freedman and Brochado
2010; DiSantis et al. 2013; van Ittersum and
Wansink 2013; Wansink and van Ittersum 2013)

Note. Articles cited in multiple categories either implemented different types of interventions or implemented interventions combining different
types of nudges.
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oriented because, rather than focusing on informing
consumers about the nutritional quality of food options
or their likely health impact, they focus on the more
affectively oriented hedonic consequences of eating
the food.
The second type of affectively oriented interventions,
“healthy eating calls,” directly encourages people to be
better. This can be done by placing signs or stickers
(e.g., “make a fresh choice” or “have a tossed salad for
lunch”) or by asking food-service staff to verbally encourage people to choose a healthy option (e.g., asking
“which vegetable would you like to have for lunch?”
when children can choose none) or to change their unhealthy choices (e.g., “your meal doesn’t look like a
balanced meal” or “would you like to take half a portion of your side dish?”).
Such injunctions are affectively oriented because,
rather than informing people about the healthiness of
the food options available, they seek to change people’s
eating goals, which are inherently affect laden (Shiv
and Fedorikhin 1999). This is particularly the case when
these injunctions are made verbally by the waiters or
the “lunch ladies,”and they create strong affective responses (Herman et al. 2003, McFerran et al. 2010).
2.1.4. Behaviorally Oriented Interventions. The third

group consists of two types of interventions that aim
to impact people’s behaviors without necessarily inﬂuencing what they know or how they feel—often without
people being aware of their existence. “Convenience
enhancements” make it physically easier for people to
select healthy options (e.g., by making them the default option or placing them in faster “grab and go”
cafeteria lines) or to consume them (e.g., by preslicing fruits or preserving vegetables) or make it more
cumbersome to select or consume unhealthy options
(e.g., by placing them later in the cafeteria line when
trays are already full or by providing less-convenient
serving utensils). The second type, which we call “size
enhancements,” modiﬁes the size of the plate, bowl,
or glass or the size of preplated portions, either increasing the amount of healthy food they contain or,
most commonly, reducing the amount of unhealthy
food. Another difference is that visual attention is
necessary for cognitively oriented interventions to inﬂuence behaviors but not for behaviorally oriented
interventions. In fact, plate and portion size changes
have stronger effects when people do not pay attention
to them (van Ittersum and Wansink 2012, Zlatevska et al.
2014) and even inﬂuence food intake when people are
eating in the dark (Scheibehenne et al. 2010). Unlike
cognitively and affectively oriented interventions, which
inﬂuence food choices through vision or audition,
behaviorally oriented interventions inﬂuence eating
primarily through physical interactions, which leads
to different food decisions (for a review, see Krishna
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2012). For example, Hagen et al. (2016) showed that
physical involvement in obtaining food (e.g., when
people need to serve themselves rather than being
served or need to touch, unwrap, and modify the food vs.
if the food is preportioned and preplated) leads to
healthier food choices because it increases attribution
of responsibility for food consumption.
2.1.5. Hypotheses. For food choices, cognitive factors
tend to be less predictive of choice than affective factors, which strongly inﬂuence even restrained eaters
who eat according to cognitive rules (Macht 2008).
When asked about what drives their food choices,
Americans and Europeans place affective factors, such
as taste, well ahead of cognitive factors, such as nutrition
or weight control (Glanz et al. 1998, Januszewska et al.
2011). Even interventions that successfully change beliefs about the health consequences of behaviors often
fail to lead to meaningful behavioral changes (Carpenter
2010, Sniehotta et al. 2014).
Because eating is largely habitual and prone to selfregulation failures, affective factors tend to be less
predictive of food choices than behavioral factors
(Ouellette and Wood 1998, Herman and Polivy 2008).
For example, directly changing the eating environment
(e.g., avoiding exposure to tempting food) is a more
successful self-control strategy than cognitive or affective strategies, such as thinking about health and
nutrition or relying on willpower (Wansink and Chandon
2014, Duckworth et al. 2016). Similar conclusions were
reached in a study of sales elasticity for 74 mostly
food brands (Srinivasan et al. 2010), which found that
changes in distribution (a behaviorally oriented intervention) had a larger impact than changes in advertising (a cognitive or affective intervention) and that
affective changes in liking were more predictive of
brand choice than cognitive changes in awareness. Further support comes from a recent review that found
“interventions that facilitate vaccination directly by
leveraging, but not trying to change, what people think
and feel are by far the most effective,” whereas “few
randomized trials have successfully changed what
people think and feel about vaccines, and those few
that succeeded were minimally effective in increasing
uptake” (Brewer et al. 2017, p. 149). We, therefore, expect the effectiveness of healthy eating interventions to
increase as their focus switches from cognition to
affect and behavior.

2.2. The Role of Eating Behavior Type
As shown in Figure 1, we differentiate between different types of eating behaviors. Some studies measure
actual food consumption; others only capture food
selection (e.g., the purchase of food in a grocery store,
cafeteria, or restaurant) without knowing whether the
food was entirely consumed. One might expect larger
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effect sizes for selection than for consumption if some
consumers, after being nudged to try a healthier food,
are disappointed by its taste and only consume part of
it. On the other hand, people usually have a stronger
preference for what to eat relative to how much to eat
(Wansink and Chandon 2014). Hence, we expect no
differences between studies measuring selection and
those measuring actual consumption. This hypothesis is consistent with the results of existing metaanalyses of speciﬁc types of healthy eating nudges
(Sinclair et al. 2014, Hollands et al. 2015, Holden et al.
2016, Littlewood et al. 2016).
We compare studies that measure total eating (e.g.,
total calorie content of the food selected or consumed)
or focus on the selection or consumption of healthy or
unhealthy foods. We expect smaller effect sizes when
the dependent variable is the total amount of food
ordered or consumed for two reasons. The ﬁrst is that
people must eat: it is difﬁcult, psychologically and
physiologically, to sustain an imbalance between energy intake and energy expenditure. In contrast, people have more ﬂexibility in choosing how to allocate
their total calorie intake between healthy and unhealthy foods. Second, healthy foods have calories too,
so replacing unhealthy food with healthier options—
although clearly a form of healthier eating—does not
necessarily mean a reduction in the total quantity of
food ordered or consumed. This hypothesis is consistent with an existing meta-analysis of interpretive
nutrition labels, which found that they were more
effective in helping consumers in choosing healthier
products than in changing total intake (Cecchini and
Warin 2016).
Finally, we hypothesize that interventions aimed at
reducing unhealthy eating have a stronger effect size
than those aimed at promoting healthy eating. This
prediction is based on the fact that more than two
thirds of Americans are overweight or obese, and about
half of the latter are actively trying to lose weight in any
given year (Snook et al. 2017). Dieters should, therefore,
be particularly receptive to interventions that reduce
calorie intake, which is most effectively accomplished
by reducing the consumption of unhealthy foods rather
than by increasing healthy food consumption. Indeed,
dieters and overweight consumers may be wary of increasing their intake of foods presented as “healthy,”
which often actually have a high energy density (Wansink
and Chandon 2006, Chernev 2011). More generally, people often exhibit dynamically inconsistent preferences,
choosing unhealthy food in the short term and regretting
it later (Prelec and Loewenstein 1998, Wertenbroch 1998).
Interventions that help resist the temptation of unhealthy
food should, therefore, be particularly attractive to the
many people who have long-term healthy eating goals
and are aware that they need help resisting unhealthy
foods. Our hypothesis is consistent with the results of two
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existing meta-analyses, which found that the effectiveness of plate- and portion-size changes was higher for
unhealthy foods compared with healthy foods (Zlatevska
et al. 2014, Hollands et al. 2015).
2.3. The Role of Population Characteristics
We distinguish between studies conducted in on-site
eating settings (e.g., university or work-site cafeterias),
off-site eateries (e.g., restaurants, cinemas, cafes), and
grocery stores. We expect weaker effects in grocery
stores compared with the other two settings. This is
because it should be easier to respond to healthy eating nudges when choosing for oneself from among a
limited number of options and for a single immediate
consumption in a cafeteria or a restaurant than when
choosing for the entire family from among a huge
variety of tempting options and for multiple consumption occasions in a grocery store. This hypothesis
is consistent with research showing that uncertainty
about future preferences (when buying for the entire
family, for example) increases the variety of choices
(Walsh 1995), thereby mitigating the effects of nudges.
It is also consistent with the systematic review conducted by Seymour et al. (2004), which concluded that
healthy eating nudges have weaker effects in grocery
stores than in restaurants or in university or work-site
cafeterias.
Prior research has established that adults are more
interested in nutrition than children (Croll et al. 2001)
and also more sensitive to portion-size changes (Zlatevska
et al. 2014, Hollands et al. 2015). We, thus, expect them
to be more responsive to all types of interventions than
children.
Finally, we expect to ﬁnd higher effect sizes in
studies conducted in the United States than in other
countries for three reasons: the higher proportion of
overweight people in the United States, the larger size
of portions there (Rozin et al. 2003), and Americans’
higher interest in and knowledge of the health consequences of eating (Rozin et al. 1999) and their greater
reliance on external than internal cues when making
food decisions (Wansink et al. 2007).
2.4. The Role of Study Characteristics
We include two study characteristics as control variables. The duration of the intervention varies from
a single exposure and consumption to interventions
implemented over many months. In ﬁeld experiments,
treatment effects usually decay over time as people
revert to habitual behavior (Brandon et al. 2017). However, a long study duration can only capture the evolution (decay or strengthening) of the effects of an
intervention over time if it entails repeated exposure
by the same people. Although this may be the case for
longitudinal studies in work-site cafeterias, for example, it may not be true for restaurants patronized
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by different customers over time. In the absence of information about the level of repetition, we only include
study duration as a covariate. Note that not enough
studies measure postintervention effects to allow us to
estimate carryover effects.
We distinguish between studies using a pre–post
design without control, those using a single-difference
(treatment vs. control) design, and those using a doubledifference design (before vs. after in control and treated
locations). Although designs with stronger levels of
control should have a lower statistical bias in the estimation of the effect size, the type of design itself should
not inﬂuence the size of the effect; hence, we cannot
formulate hypotheses about the effect of design on effect
sizes and include this factor simply as a control variable.

3. Data Collection
3.1. Inclusion Criteria
Online Appendix A provides detailed information on
the search strategy, including the setting, population,
intervention, comparison, valuation framework (Booth
2006) for the selection of keywords and the preferred
reporting items for systematic reviews and meta-analyses
(Moher et al. 2009) ﬂow diagram showing the number
of articles included and excluded. Brieﬂy, we searched
for relevant articles published in scholarly journals until
January 1, 2017, through keyword searches on Science
Direct, PubMed, and Google Scholar. We also examined
all the references from 11 meta-analyses (Nikolaou et al.
2014, Robinson et al. 2014, Sinclair et al. 2014, Zlatevska
et al. 2014, Hollands et al. 2015, Long et al. 2015, Arno
and Thomas 2016, Cecchini and Warin 2016, Holden
et al. 2016, Littlewood et al. 2016, Broers et al. 2017) and
seven systematic reviews (Hollands et al. 2013, Skov
et al. 2013, Thapaa and Lyford 2014, Roy et al. 2015,
Bucher et al. 2016, Nornberg et al. 2016, Wilson et al.
2016). Both authors developed the protocol detailing the
search and inclusion criteria, coding categories for predictors, and computation rules. The ﬁrst author was
trained to code all the studies and was responsible for
extracting data. The second author checked the results,
and disagreements were solved through discussion.
Next, we contacted all authors of the studies cited in
the December 2017 draft and asked them whether they
agreed with our categorization. We received new data
and feedback that allowed us to ﬁne-tune our calculation of effect size and our categorization choices. Note
that we did not include any retracted publications. Including three recently retracted publications (Wansink
et al. 2008; Wansink et al. 2012a, b) did not affect the
results in any way. Moreover, in light of recent criticisms
regarding some of the studies conducted by the Cornell
Food and Brand Laboratory (Robinson 2017), we estimated the multivariate model including an additional
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binary variable controlling for the 51 observations originating from this laboratory. This variable was insignificant (p = 0.33).
To be included in the meta-analysis, the study had
to test a nudge intervention consistent with our deﬁnition (e.g., not a price change or a nutrition education
campaign). Because our focus was on pure nudges,
studies (or conditions in studies) combining nudges
with changes in economic incentives or education efforts were not included. The intervention had to be
tested in a ﬁeld experiment in which participants made
food decisions and participants aren’t usually aware
that their food choices are being monitored. We excluded studies conducted in a laboratory or online. This
is important because previous reviews found marked
differences between studies conducted in the ﬁeld
and those conducted in a laboratory or online (Long et al.
2015) and between studies conducted with aware or
unaware participants (Holden et al. 2016). Finally,
the dependent variable of the study had to provide
an objective measure of food selection or consumption
(either in weight or energy). We rejected studies relying
on consumption intentions as well as ﬁeld studies
without a control condition or a preintervention baseline
condition.
Overall, the meta-analysis includes 299 effect sizes
derived from 96 studies published in 90 articles. The
number of observations per study ranged from 36 to
100 million with a median of 1,231. The total number of
original observations was 133.6 million with two outlier
articles: one with 100 million transactions (Bollinger
et al. 2011) and one with 29 million transactions (Nikolova
and Inman 2015). The other 88 articles represent more
than 4.6 million original observations.
3.2. Effect Size Calculations
We calculated the effect sizes of studies with a binary
outcome, such as the number of participants who chose
a healthy option, by computing the log odds ratio or by
obtaining it directly from the paper in the few cases
when it was available. We computed the odds ratio as
the odds of a healthy selection in the treatment group
divided by the odds of a healthy selection in the control
group. We then computed its standard error. We calculated the effect sizes of studies with a continuous
dependent variable, such as unhealthy food intake, by
computing the standardized mean difference except in
the few instances when the standardized mean difference, also known as Cohen’s (1988) d, was already
reported in the paper. We computed the d value as the
mean difference in consumption between the treatment
and control conditions, divided by the pooled standard
deviation. Given that we had two different effect-size
metrics, we converted the log odds ratio into d using

Cadario and Chandon: Which Healthy Eating Nudges Work Best?
Marketing Science, 2020, vol. 39, no. 3, pp. 465–486, © 2019 INFORMS

the formula proposed by Borenstein et al. (2009). After
the conversion, the 157 effect sizes originally calculated
as log odds ratio were not statistically different from
the 142 effect sizes computed as d (p = 0.43). Hence, we
report Cohen’s d in the paper because it is the most
common measure and allows direct comparisons with
other meta-analyses.
The most common unreported data were the sample
size per experimental condition (e.g., intervention vs.
control). We contacted the authors to obtain this information but were not always successful. When only
the total sample was reported, we divided the total
number of observations by the number of conditions.
When only the number of observations in the control
group or in the intervention group was reported, we
used the same number for the other group. Whenever
several assumptions were possible, we conservatively
chose the assumption that yielded the smaller effect
size or the largest standard error.
When results were reported separately for each food
in the same study (e.g., Ensaff et al. 2015), we calculated
separate effect sizes per food and accounted for their
dependence in the statistical analysis. We also computed separate effect sizes for the few studies (e.g.,
Schwartz 2007) that measured both food selection (e.g.,
putting a food item on a cafeteria tray) and consumption
(e.g., how much of it was consumed). When a study had
a two-phase intervention (e.g., one intervention during
the ﬁrst phase and then another intervention during a
later phase; Thorndike et al. 2012), we computed separate effect sizes for each phase and compared both
phases to the baseline period. When a study tested
multiple interventions separately (e.g., Mollen et al.
2013), we computed separate effect sizes for each intervention. Because only two studies reported results
separately for men and women (Wansink and Payne
2007, Baskin et al. 2016), we could not examine the role
of gender in the meta-analysis and calculated the average effect size for these two studies.
3.3. Coding
We categorized the intervention into one of the seven
types discussed. To check the validity of the categorization, we emailed all the authors and adjusted the
categorization in the few cases when they disagreed
with our initial categorization. Field experiments that
implemented multiple interventions at once were treated
separately. There are not enough studies testing each
possible combination of cognitively, affectively, and
behaviorally oriented interventions (for example, only
one study mixed a cognitively and a behaviorally oriented intervention), so we had to rely on an ad hoc coding
of “mixed interventions” based on their frequency in
our sample. The ﬁrst type of mixed intervention consists of studies mixing cognitively oriented interventions with affectively and/or behaviorally oriented
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interventions (e.g., descriptive nutrition labeling and
hedonic enhancements). We named them “mixed:
cognitive present.” The second type of mixed interventions consists of studies combining affectively and
behaviorally oriented interventions. We named them
“mixed: cognitive absent.” We, therefore, have ﬁve categories for nudge interventions: three for pure cognitively,
affectively, and behaviorally oriented interventions
and two for mixed interventions (mixed: cognitive present and mixed: cognitive absent).
When the dependent variable of the study was the
total amount of food selected or consumed, it was categorized as “total eating.” When it was the selection or
consumption of fruits, vegetables, and water or foods
color-coded green in the study, we categorized it as
“healthy eating.” We categorized the selection or consumption of calorie-dense and nutrient-poor foods,
such as desserts or sodas, and those color-coded red
in studies as “unhealthy eating.” We created a fourth
category (“mixed eating”) for foods that could not
be categorized as healthy or unhealthy or which were
color-coded yellow by the researcher (rather than green
or red). Because our goal is to examine healthy eating,
we reverse coded the effect sizes for unhealthy eating
and for total eating.
We coded population characteristics according to
where the study was conducted (school or work-place
on-site cafeterias; off-site restaurants, cinemas, or cafes;
or grocery stores). We coded whether the participants
were children or adults. Finally, we distinguished
between studies conducted in the United States and
those conducted in other countries (Belgium, Canada,
France, Ireland, Israel, Japan, Netherlands, and the
United Kingdom). The number of studies in these other
countries was too low to enable a more reﬁned level
of analysis.
Regarding study characteristics, we measured the
duration of the treatment as the number of weeks of
the intervention period. For example, if a study with
a pre–post design measured food choices in the four
weeks prior to the intervention and in the two weeks
during which the intervention was implemented,
study duration is coded as two weeks. Finally, we
distinguished between “double-difference” designs
(which assigned participants to two independent
control and treatment conditions with observations
before and after the intervention), “single-difference,
treatment-control” designs (which assigned respondents to two independent control and treatment conditions), and “single-difference, pre–post” designs
(which used a pre–post study design without a control
group, comparing observations before and after the
intervention). Note that all are quasi-experiments because the randomization was not done at the participant level but at the level of the store, restaurant,
cafeteria, or—at best—cafeteria line.
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4. Analyses and Results
As indicated in Table 1, the 11 existing meta-analyses used
a standard two-level, meta-analytical model (Borenstein
et al. 2009). In contrast, we used a three-level model
(Cheung 2014), which accounts for the fact that some
observations come from the same ﬁeld experiment (e.g.,
studies testing two types of interventions or measuring their impact on healthy and unhealthy foods separately). We estimated a mixed-effects, three-level,
meta-analytic model with the “metafor” R package provided in Viechtbauer (2010) via maximum likelihood.
4.1. Average Meta-Analytical Effect: InterceptOnly Model
Let yij be the ith effect size in the jth study. The equations from the three levels are

yij  λij + eij ,
λij  κj + u(2)ij , and
κj  d0 + u(3)j ,

(1)
(2)

4.2. Inﬂuence of Predictors: Univariate vs.
Multivariate Model
As shown in Table 1, the 11 existing meta-analyses
on healthy eating nudges use univariate meta-analyses
(i.e., they separately test the impact of each predictor/
outcome). Univariate analyses exclude control variables
and increase the possibility that signiﬁcant differences are due to confounds. Multivariate models help
to provide estimates with better statistical properties as
well as reduce the risk of bias such that a signiﬁcant
result in univariate analyses may not hold using the
multivariate model (Jackson et al. 2011). We performed
both univariate and multivariate analyses and conﬁrm that the latter lead to a higher model ﬁt as well as
more conservative average effect sizes (Figure 2, Online
Appendix C).

(3)

where λij is the true effect size and Var(eij )  vij is the
known sampling variance in the ith effect size in the jth
study, κj is the average effect size in the jth study, and
Var(u(2)ij )  τ2(2) captures the heterogeneity in effect
sizes between different eating behaviors (e.g., selection
or consumption, healthy or unhealthy food) within the
same study when more than one outcome was measured. Also d0 is the meta-analytic effect size estimated
across all studies, and Var(u(3)j )  τ2(3) captures the
heterogeneity between studies after controlling for
the presence of multiple observations at level 2. The
three equations can be combined as follows:
yij  d0 + u(2)ij + u(3)j + eij .

(p-curve, trim and ﬁll, sensitivity analyses) suggest
minimal publication bias (Rothstein et al. 2006).

(4)

4.2.1. Univariate Models. We estimated one univariate

meta-regression for each predictor x. These univariate
analyses provide benchmark values, which can be compared with the estimates obtained in the full multivariate
model. When the predictor is categorical (for intervention
type, for example), the univariate model in Equation (5)
estimates S coefﬁcients βs corresponding to each level
of the categorical predictor without any covariate. The
third and fourth columns of Figure 2 show, respectively, the mean and standard errors of the βs coefﬁcients, which capture the effect size for each level of
the categorical variables as estimated in a univariate
regression.
S
∑
yij 
βs xij + u(2)ij + u(3)j + eij .
(5)
1

We assessed the magnitude of effect size heterogeneity through the I 2 index (Higgins and Thompson 2002).
We also report the decomposition of heterogeneity
2
2
within studies I(2)
and between studies I(3)
as derived in
Cheung (2014). Heterogeneity is considered to be low if
the I 2 index is less than 25%, medium if it is between
25% and 75%, and high if it is more than 75% (Higgins
and Thompson 2002).
The standard two-level model yields a statistically
signiﬁcant average effect size (d = 0.22, z = 13.45, p <
0.001) with a very large amount of heterogeneity (I 2 =
99.9%). The proposed three-level model ﬁts the data
signiﬁcantly better than the two-level model (χ2(1) =
100.5, p < 0.001) and yields a slightly larger estimate
of the average effect size (d = 0.27, z = 9.53, p < 0.001).
This effect size is considered small as per Cohen’s (1988)
deﬁnition. The three-level, random-effects model shows
that the total heterogeneity is lower within studies
2
2
(I(2)
= 25.7%) than between studies (I(3)
= 74.2%). Additional analyses reported in detail in Online Appendix B

For study duration, which is a continuous variable measured in weeks, the univariate model estimated one
intercept and one parameter as shown in Equation (6).
To provide a point estimate for short and long study
durations, Figure 2 shows the model’s intercept estimated at the ﬁrst quartile (one week) and third quartile
(15 weeks) of the distribution of duration.
yij  d0 + βDuration Durationij + u(2)ij + u(3)j + eij .

(6)

Univariate analyses suggest that the effectiveness of
healthy eating nudges varies by intervention type (R2 =
32%, χ2 (4) = 39, p < 0.001). Figure 2 shows that the
estimated effect sizes in the univariate analysis of intervention type vary between d = 0.12 for cognitively
oriented interventions and d = 0.51 for behaviorally
oriented interventions, which are all statistically different from zero. Univariate analyses found no difference between selection and consumption (R2 = 5%,
χ2 (1) = 3.53, p = 0.06) but signiﬁcant effect depending on
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Figure 2. Effect Sizes in the Univariate and Full Multivariate Models

the behavior measured (total eating, healthy eating,
mixed eating, or unhealthy eating: R2 = 18%, χ2 (3) = 28,
p < 0.001). They found no differences between adults
and children (R2 = 3%, χ2 (1) = 2.09, p = 0.15); between grocery stores, off-site eateries, or on-site cafeterias

(R2 = 5%, χ2 (2) = 3.97, p = 0.14), or between studies
conducted in the United States and outside the United
States (R2 = 2%, χ2 (1) = 1.93, p = 0.16). Finally, they found a
signiﬁcant effect of duration (R2 = 12%, χ2 (1) = 10.29, p <
0.01) and study design (R2 = 12%, χ2 (2) = 13, p < 0.01).
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Table 4. Parameter Estimates of the Multivariate Model
β
Intercept
Intervention type
Cognitively oriented
Affectively oriented
Behaviorally oriented
Mixed: cognitive present
Mixed: cognitive absent
Eating behavior type
Selection
Consumption
Eating behavior measure
Total eating
Healthy eating
Mixed eating
Unhealthy eating
Population setting
Grocery stores
Off-site eateries
On-site cafeterias
Population age
Children
Adults
Population country
Other countries
United States
Study duration
Intervention length (week)
Study design
Single-difference pre–post
Single-difference treatment-control
Double-difference
K (observations)
N (studies)
R2
LR test versus intercept-only model

Standard error

Z

0.23***

0.04

5.83

(ref)
0.12*
0.27***
0.05
0.13

0.06
0.06
0.08
0.09

2.17
4.74
0.75
1.49

(ref)
0.03

0.04

0.73

−0.20**
(ref)
−0.02
0.08*

0.08

−2.81

0.05
0.03

−0.41
2.39

(ref)
0.20*
0.14*

0.08
0.07

2.55
2.05

(ref)
0.02

0.05

0.44

(ref)
0.10*

0.05

2.03

−0.002

0.001

−1.22

0.05
0.06

3.25
2.26

(ref)
0.17*
0.13*
299
96
0.49
78***

Note. Each coefﬁcient is interpreted as the difference with the reference category, denoted as “(ref).”
***p < 0.001; **p < 0.01; *p < 0.05.

4.2.2. Multivariate Model. We estimated a full model

with all the predictors entered simultaneously as shown
in Equation (7), where s corresponds to the categories
for each predictor k. The multivariate model explained
49% of the variance, a signiﬁcant improvement over the
intercept-only model (χ2 (15) = 78, p < 0.001). It is also a
signiﬁcant improvement over the best univariate model,
the one with intervention type (χ2 (7) = 40, p < 0.001).
This suggests that our overall conceptual framework
captured a substantial variation in the effect sizes—much
more than any separate univariate model.
yij  d0 +

S−1 ∑
K
∑
s

βks xkij + u(2)ij + u(3)j + eij .

(7)

k

The ﬁfth and sixth columns in Figure 2 show the multivariate effect sizes estimated for each level of a given
predictor when all the other predictors are at their mean
value. Overall, the multivariate model yielded effect
sizes that are 9.4% smaller than those of the univariate
models.

After controlling for all covariates, the average effect size computed across all 299 observations shrinks
slightly from d = 0.27 to d = 0.23 but remains signiﬁcantly different from zero (z = 5.83, p < 0.001). Other
effect sizes show stronger reductions. The reduction is
particularly strong for the largest effect sizes, such as
the estimate for behaviorally oriented interventions
(which shrinks from 0.49 to 0.39). In the next section, we
examine whether these smaller differences are still statistically signiﬁcant.
4.3. Planned Contrasts
We estimated the full multivariate model (Equation (7))
using ANOVA coding (e.g., consumption = 1/2, selection = −1/2) so that the coefﬁcients of the categorical predictors represent a contrast with the reference
category (see Table 4). Effect sizes vary signiﬁcantly
between the three types of interventions. Note that
we chose to report two-tailed p-values throughout the
paper to remain conservative but that a one-tailed test
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would also be appropriate given that our hypothesis
is about the ordering of cognitively, affectively, and
behaviorally oriented interventions. As hypothesized,
cognitively oriented interventions are signiﬁcantly less
effective than affectively (β = −0.12, z = −2.17, p = 0.03)
or behaviorally oriented interventions (β = −0.27,
z = −4.73, p < 0.001). As expected, affectively oriented
interventions are less effective than behaviorally oriented interventions (β = −0.15, z = −2.61, p < 0.01).
Finally, mixed interventions are not more effective than
pure cognitively oriented interventions whether they
include a cognitively oriented intervention or not (respectively, β = 0.05, z = 0.75, p = 0.45 and β = 0.13, z =
1.49, p = 0.14). As expected, effect sizes are similar for
food selection and actual consumption (β = 0.03, z =
0.73, p = 0.47). However, effect sizes are signiﬁcantly
lower for total eating compared with healthy eating
(β = −0.20, z = −2.81, p < 0.01) or unhealthy eating
(β = −0.28, z = −3.88, p < 0.001). As hypothesized as
well, effect sizes are signiﬁcantly higher for unhealthy
eating than for healthy eating (β = 0.08, z = 2.39, p =
0.02). As expected and in contrast to what the univariate analyses suggested, effect sizes are signiﬁcantly
lower for grocery stores compared with off-site eateries
(β = −0.20, z = −2.55, p = 0.01) or on-site eateries (β = −0.14,
z = −2.05, p = 0.04). There are no differences between
on-site and off-site eateries (β = −0.06, z = −1.08, p =
0.28). As expected and contrary to the univariate results, effect sizes are signiﬁcantly higher in the United
States than in other countries (β = 0.10, z = 2.03, p =
0.04). Contrary to our hypothesis, there is no difference between children and adults (β = 0.02, z = 0.45,
p = 0.66). Effect sizes are unrelated to study duration
(β = −0.002, z = −1.22, p = 0.22) contrary to the univariate results. Finally, effect sizes are signiﬁcantly lower
in pre–post studies than in treatment-control studies
(β = −0.17, z = −3.25, p < 0.01) and than in double-difference
studies (β = −0.13, z = −2.26, p = 0.02). There is no difference
between studies using a treatment-control and a doubledifference design (β = −0.03, z = −0.46, p = 0.65).

5. Discussion
It is easy to understand the growing enthusiasm for
healthy eating nudges in academic and policy circles.
They promise to improve people’s diet at a fraction of
the cost of economic incentives or education programs
without imposing new taxes or constraints on
businesses or consumers. But do they really deliver on
this promise? Existing reviews and meta-analyses
only examined a subset of interventions and often
included studies conducted in laboratory or online
settings. More importantly, existing meta-analyses
relied on univariate comparisons between two or
three groups of studies and failed to control for important differences in eating behaviors, population,
and studies or for the fact that some studies yielded
multiple effect sizes.
5.1. Do Healthy Nudges Work, and to What Extent?
Our analysis of 299 effect sizes derived from 90 articles
and 96 ﬁeld experiments shows that the average effect
size of healthy eating nudges is d = 0.23, 95% conﬁdence interval (CI) [0.16, 0.31]. This estimate is considered “small” (Cohen 1988) and is lower than what
would have been obtained without controlling for the
characteristics of the eating behaviors, population, and
studies. To get a more intuitive grasp of what this
means, we computed the daily energy equivalent that
one would expect from such an effect size using the
method described in Hollands et al. (2015). Because d
is the standardized mean difference, a d of 0.23 means
that, on average, healthy eating nudges increase healthy
eating by 0.23 standard deviations. Assuming that the
standard deviation in daily energy intake is 537 kcal1 for
an adult (Hollands et al. 2015), the average effect size of
0.23 translates into a 0.23 × 537 = 124 kcal change in daily
energy intake (−7.2% of the 1,727 kcal average energy
intake). Given that a teaspoon of sugar contains 16 kcal,
this is equivalent to about eight fewer teaspoons of sugar
per day (see Table 5).

Table 5. Expected Daily Energy Equivalents by Intervention Type

Cognitively oriented interventions
Affectively oriented interventions
Behaviorally oriented interventions
Overall meta-analytical effect

Daily equivalentsa

Effect sizes
Cohen’s d, standardized
mean difference

Energy intake
change, kcal

Energy intake
change, %

Teaspoons
sugarb

0.12
0.24
0.39
0.23

−64
−129
−209
−124

−3.7
−7.5
−12.1
−7.2

−4.0
−8.1
−13.1
−7.7

a
The daily equivalents are computed using the mean and standard deviation in daily energy intake of 1,727 ± 537 kcal reported in Hollands
et al. (2015).
b
One teaspoon of sugar contains 16 kcal.
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Figure 3. (Color online) Effect Sizes by Nudge Type

Note. Error bar represents standard error.

5.2. Which Type of Healthy Eating Nudge
Works Best?
Table 5 provides the daily equivalents of the average
effect sizes of cognitively, affectively, and behaviorally
oriented interventions. It shows that effect sizes increase
by 100% between cognitively and affectively oriented
interventions (reducing daily energy intake from 64 kcal
to 129 kcal). Even more remarkable, moving from a
cognitively to a behaviorally oriented intervention is
estimated to increase effect sizes by a factor of 3.2 (reducing daily energy intake from 64 to 209 kcal per day).
There are also important differences between each
type of cognitively, affectively, and behaviorally oriented nudges. As detailed in Figure 3 and Online Appendix C, we estimated another meta-regression that,

instead of estimating ﬁve effect sizes (for the three pure
types and the two mixed types), estimated a separate
effect size for each of the seven subcategories, for the two
mixed types of intervention, and for a 10th subcategory
consisting of studies combining multiple cognitively
oriented interventions (e.g., evaluative nutrition labeling and visibility enhancements). There were no
studies combining the two types of affectively oriented interventions or the two types of behaviorally
oriented interventions.
Multivariate estimates for each of the 10 intervention types are compared with the univariate results in
Online Appendix C. We ﬁnd that smaller effect sizes
are slightly higher in the multivariate analyses, and
larger effect sizes are lower in the multivariate analyses.

Table 6. Summary of Hypothesis Test Results
Hypothesis (effect sizes)
Intervention type
Cognitive < affective < behavioral
Outcome behavior
Selection < consumption
Outcome measure
Healthy eating < unhealthy eating
Outcome measure
Total eating < other eating measures
Population: age
Children < Adults
Population setting
Grocery stores < cafeterias or
restaurants
Population: country
Other countries < United States

Validated

Results replicate previous meta-analyses?

Yes

New result

No
Yes

Replication: Holden et al. (2016), Hollands et al.
(2015), Littlewood et al. (2016), Sinclair et al. (2014)
Replication: Hollands et al. (2015), Zlatevska et al. (2014)

Yes

Replication: Cecchini and Warin (2016)

No
Yes

Does not replicate: Hollands et al. (2015), Zlatevska
et al. (2014)
New result

Yes

New result
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For example, the univariate average effect size for size
enhancements shrinks by 17% (from d = 0.71 to d =
0.59). Note that this univariate estimate (d = 0.71) is very
similar to the value (d = 0.76) reported by Holden
et al. (2016) for studies with unaware participants (e.g.,
excluding laboratory or online studies). In addition to
overestimating effect sizes, the univariate analysis incorrectly ranks some of the interventions, suggesting,
for example, that visibility enhancements are more
effective than evaluative labeling when they are not.
5.3. Which Other Factors Inﬂuence the
Effectiveness of Healthy Eating Nudges?
By explaining 49% of the variance among effect sizes,
our study shows that some of the characteristics of
the eating behavior, population, and study signiﬁcantly
impact the effectiveness of healthy eating nudges. In
Table 6, we summarize the results of the hypothesis
tests and show when they replicate, fail to replicate, or
extend the results of existing meta-analyses. First, we
ﬁnd that interventions more easily reduce unhealthy
eating than improve healthy eating or decrease total
eating. In other words, it is easier to make people eat
less chocolate cake than to make them eat more vegetables, and the most difﬁcult is to make them simply
eat less. In fact, the estimated effect size for total eating
(d = 0.07, z = 0.98, p = 0.32; see Figure 2) is not statistically different from zero. This ﬁnding is consistent
with what we know about the difﬁculty—perhaps even
pointlessness—of hypocaloric diets.
Our ﬁnding of a 30% stronger effect size for reducing
unhealthy eating than for increasing healthy eating
is consistent with prior research on self-control (Prelec
and Loewenstein 1998, Wertenbroch 1998). Dynamically inconsistent preferences and self-control lapses
can explain why people would particularly welcome
interventions that reduce unhealthy eating and help
them stick to their long-term goals and avoid regret
(Schwartz et al. 2014).
On the other hand, we replicate prior ﬁndings of
similar effect sizes for food selection rather than actual
consumption. This is an important result because it
suggests that researchers or practitioners may not need

to measure actual consumption to test the impact of
their interventions, which is usually considerably more
onerous to measure than just the number of consumers
picking healthier options.
We ﬁnd that effect sizes are unaffected by the duration
of the study. As Figure 2 shows, our model predicts that
increasing the duration of the study from 1 to 15 weeks
would reduce effect size by only 12% (from d = 0.26 to
d = 0.23). As noted earlier, study duration captures the
length of the intervention but not necessarily the difference between short- and long-term effects because
some settings (e.g., restaurants) may have mostly ﬁrsttime customers even when the intervention is tested
over a relatively long period. To examine this issue,
we explored whether duration interacted with study
location (restaurant vs. cafeteria vs. grocery stores) and
found that it did not (see Online Appendix D). As noted
earlier as well, the sample of studies did not allow us
to measure potential carryover effects once the intervention was stopped.
We also ﬁnd that effect sizes increase with the level
of control in the design of the study. On average, effect
sizes are 131% larger in studies with a control group
compared with those with a simple pre–post design
without a control group. However, treatment-control
groups could be subject to a selection bias. This suggests that researchers should use stronger controls as
much as possible. It also provides a way to correct the
effect sizes found in pre–post studies and to forecast
what they might have been in a more controlled setting.
Turning to population characteristics, effect sizes are
146% (or 100%) smaller on average among grocery
shoppers than among restaurant (or cafeteria) eaters.
This is consistent with our hypothesis and with the
literature although more research is needed to determine if it is because of the differences between choosing
for immediate or future consumption, because of different levels of competition, or because different goals
are salient when grocery shopping versus eating.
Also consistent with our hypothesis, effect sizes are
47% larger in studies conducted in the United States
than in other countries. This may be because Americans
focus less on the experience and more on the health

Table 7. Expected Effectiveness Increase Between Typical and Best Nudge Study
Predictor
Intervention type
Eating behavior type
Eating behavior measure
Study duration
Study design
Population: Country
Population: Location
Population: Age
Effect Size, d

Typical scenario

Best scenario

Increase, d

Increase, contribution %

Cognitively oriented
Selection
Healthy
15 weeks
Pre–post
United States
On-site cafeterias
Adults
0.12

Behaviorally oriented
Consumption
Unhealthy
1 week
Single-difference
United States
On-site cafeterias
Adults
0.74

0.27
0.03
0.08
0.02
0.17

43
5
13
4
27

0.62

100
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effects of eating (Rozin et al. 1999) or because they rely
more strongly on external eating cues than internal
ones (Wansink et al. 2007). It could also be caused by
the higher proportion of overweight people in the United
States and the larger size of portions (Rozin et al. 2003).
On the other hand, the difference in effect sizes between adults and children is not statistically signiﬁcant.
Still, compared with the univariate analyses, which
suggest larger effects for children than for adults, our
results are in the direction (smaller effects for children)
that we hypothesized, consistent with the literature.
To determine conclusively whether children and adults
respond differently to healthy eating nudges, more
research is needed, especially on cognitively oriented
interventions, which have, so far, been tested primarily
with adults.
Our analysis allows us to predict the effect size to
expect when conducting a ﬁeld experiment with any
combination of predictors, including the most typical
and the most effective combination. Table 7 summarizes
the typical and best scenarios as well as the contribution
of the different predictors. It shows that researchers
choosing the most typical level of each predictor (studying
the effects of a cognitively oriented intervention on the
healthy food selection of U.S. adult cafeteria eaters for a
pre–post 15-week study) could expect an effect size of
only d = 0.12, 95% CI [0.03, 0.21]. In contrast, researchers
choosing the best combination of predictors (studying the effects of a behavioral intervention on the unhealthy food consumption of adult restaurant eaters
for a single-difference, one-week study) could expect
an effect size four and a half times larger (d = 0.74, 95%
CI [0.60, 0.88]). Computing the daily energy equivalents,
we get a reduction by 64 kcal for the typical nudge
study and a reduction by 397 kcal for the best one.
5.4. Limitations and Directions for Future Research
We categorized visibility enhancements as cognitively
oriented nudges because they seek to draw people’s
attention to healthier options. Because consumers
rarely look at all the food options available, enhancing
the visibility of healthy options or reducing it for unhealthy options changes people’s knowledge of the
healthiness of the options that are available to them.
Some visibility enhancements are purely cognitively
oriented. For example, placing healthier foods in a
visible place on the menu or near the cash register
rather than earlier in the cafeteria line makes them
easier to see but not easier to order or grab. Similarly, leaving leftover chicken wings on the table of allyou-can-eat restaurants draws attention to the amount
eaten but does not make it less convenient to eat more.
Other visibility enhancements, however, such as placing healthier foods at eye level on a supermarket shelf,
make these foods easier to see but also easier to reach
and have, therefore, a behavioral component. To
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examine this issue, we estimated a model in which the
25 visibility observations were categorized as behaviorally oriented rather than cognitively oriented. This
reduces the effect size of behaviorally oriented interventions (d = 0.32, z = 6.63, p < 0.001) while slightly
increasing the estimate for cognitively oriented interventions (d = 0.14, z = 2.82, p < 0.01). However, the
difference in effect sizes between the two interventions
remains statistically signiﬁcant (Δ = 0.18, z = 3.13, p <
0.01). Moreover, this alternative categorization ﬁts the
data less well (the R2 diminishes from 0.49 to 0.44,
χ2(1) = 11.42, p < 0.001).
Our ﬁndings offer insights into where more research
is needed and where it is not. Table 3 shows the number
of observations by intervention type and target eating
behavior (healthy or unhealthy). From this, it is immediately apparent that no ﬁeld experiment has tested
the effectiveness of displaying unattractive product
descriptions or photos of unhealthy foods, focusing
on negative hedonic aspects. Similarly, and with the
exception of Donnelly et al. (2018), little attention has
been given to the use of dissuasive photos and warnings
used on cigarette packs in some countries (Kees et al.
2006). Although degrading other brands may be difﬁcult because of trademark laws, it has shown promise
in laboratory studies (Hollands et al. 2011); retailers or
restaurants could test this strategy with their own unhealthy products.
It would also seem important to run more studies
increasing portion, plate, or glass size for healthy foods
and beverages rather than for unhealthy ones. Further
studies are needed to examine the effectiveness of
hedonic enhancements for which we only have nine
effect sizes. Precedence should be given to testing
interventions in grocery stores and outside the United
States and for unhealthy foods. These issues should
have priority over other well-researched topics, such
as studying the effects of cognitively oriented interventions on healthy eating in cafeterias using a pre–
post design.
Beyond ﬁlling out the underpopulated cells of the
framework, we also encourage authors to follow a
strategy to increase the precision of knowledge in the
ﬁeld using a procedure that reduces collinearity among
design variables (Farley et al. 1998). Similarly, three
research areas appear particularly fruitful. The ﬁrst is to
study interaction effects. Lack of data in our sample
makes it impossible to estimate interaction effects between each intervention type and the other predictors.
In Online Appendix D, we report the results of a simpliﬁed model, including interactions but using linear
coding for intervention type and eating behavior (from
total eating to healthy eating). This preliminary analysis
suggests that shifting from cognitively to behaviorally
oriented interventions is particularly impactful on
consumption (vs. selection), for adults (vs. children),
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and in the United States (vs. in other countries). These
results qualify the lack of main effect for eating behavior and for participant age reported in the main
results. Additional ﬁeld experiments orthogonally manipulating intervention type and population or study
characteristics would be necessary to conﬁrm these
results.
Second, it is important to directly compare nudges
and economic incentives and see if they can complement each other. To provide initial insights, we compared our results with those of Afshin et al. (2017), who
estimated the impact of a 10% price cut on the selection of fruit and vegetables using 22 effect sizes from
15 studies. After collecting the sample sizes from the
original 15 studies, we were able to convert these
10% estimates into standardized mean differences. We
found a d of 0.27 (se = 0.07, z = 3.95, p < 0.001) for the
effects of a 10% price reduction on healthy eating selection, which is equal to the mean effect size that we
found for healthy eating (vs. unhealthy, mixed, or total
eating) across all nudges (d = 0.27) without control
variables (as done in their meta-analysis). This suggests
that nudges are equivalent to a 10% permanent price
reduction in this particular context. This preliminary
analysis should encourage future research comparing
nudge and economic interventions in terms of both
their effects on healthy eating and their cost.
Finally, the prevalence and severity of noncommunicable diseases is strongly associated with socioeconomic
and cultural factors, such as income, education, gender,
ethnicity, and culture (Bartley 2017). Surprisingly, these
data were almost never available in the studies that we
analyzed. Future research should, therefore, measure
socioeconomic data as well as biomarkers, such as body
mass or diabetes, and traits, such as cognitive restraint
or impulsivity, that strongly inﬂuence food choices
and health (Sutin et al. 2011, Ma et al. 2013). Such information should be provided to better characterize the
respondent population, but it would be even better to
report results separately for different population types.
This should be done systematically even in the absence
of signiﬁcant differences. When prior research or theory
predicts an effect, ﬁnding none can be informative.
More broadly, future research should expand the dependent variables beyond purchase and consumption.
To encourage the adoption of healthy eating nudges in
commercial operations, it is important to measure their
impact on the consumer’s experience, satisfaction, and
perception of value as well as on the company’s top and
bottom lines. Even interventions that lead to a reduction
in consumption can be good for business if they attract
new consumers who value their ability to nudge them
away from unhealthy choices that they will later regret.
Similarly, one of the core tenets of nudges is that they
improve consumer welfare as judged by consumers
themselves (Sunstein 2018a). It would be important to

know whether people, upon learning that they have
been subject to an intervention, would agree that it led
them to make better decisions compared with the
status quo ante and also with interventions, such as
taxes and other economic incentives. This is important
because, although they preserve freedom of choice, the
interventions analyzed here are nevertheless paternalistic. Finding that consumers welcome these interventions as some studies suggest they do (Loewenstein
et al. 2015) and that they are compatible with commercial goals would go a long way to encourage their
adoption.
5.5. Toward a “Living” Meta-Analysis
One of the biggest challenges of studying healthy
eating nudges is the exponential increase in the studies
carried out. This upsurge makes meta-analyses even
more valuable, but it also means that they rapidly become out of date. Compounding the problem, research
on healthy eating nudges is published in a wide variety
of scientiﬁc publications in marketing, nutrition, psychology, and health sciences, which are indexed in
different databases and not always available to all researchers. To mitigate these problems and correct possible categorization errors, the spreadsheet containing
the raw data is available online (postpublication). In
addition, we have created a simple survey (available
at http://tinyurl.com/healthy-eating-nudge) to allow
researchers to correct and update the database by entering information about their study. We hope that this
“living” meta-analysis will encourage the consolidation
and diffusion of knowledge and contribute to making
the science more open.
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Endnote
We use the ofﬁcial measure “kcal” for calories, such that 1 kcal = 1
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