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Abstract
The production of meat is a main contributor to current dangerous levels of greenhouse gas
emissions.However, the shift tonore plantbased diets is hampered by consumers finding-meat
based foods more attractive than pleased foodsHow canplantbasedoods best be described
to increase their appeal to consumers? Based on the grounded cognition theory of desire, we
suggest that descriptions that trigger simulatiomsreexperiencespf eating and enjoying a food
will increase the attractiveness of a food, compared to descriptions emphasising ingredients. In
Study 1, we first examined the descriptions of ready meaitahle infour largeUK
supermarkets (N = 240). We found tttze labels omeatbasedoods contained more
references to eating simulations than vegetarian foods, and slightly more thamagkhfoods,
and that this varied between supermarketsSudes 2 and 3 (N =170, N = 166, pregistered),
we manipulated the labels of plamised and meditasedoodsto either include eating
simulation words or notWe assessed the degree to which participants reported that the
description made them think @it eating the food (i.e., induced eating simulations), and how
attractive they found the foodn Study 2, where either sensory or eating context words were
added, we found no differences with control labels. In Study 3, however, where simb&sexh
labels included sensory, context, and hedonic words, we founsiitingiitionbased descriptions
increased eating simulations and attractivendssreover, frequent meat eaters found plant
based foods less attractive, but this was attenuated wherbpsaiot foods were described with
simulatiortinducing words We suggest that language that describes rewarding eating
experiences can be used to facilitateshiét toward healthy and sustainable diets.
Keywords: sustainability; grounded cognition; plamased foodyegan; vegetariargonsumer

behaviour; open science; food choice



1. Introduction

The production of meat is a main contributor to unsustainable levels of greenhouse gas
emissionsand environmentalegradation Producing meat, fish, eggs, and dairy uses ca. 83% of
the worl ddéds farmland, and contributes more th.
emissions, while these foods provide only 37% of all protein and 18% of calongsnced
(Poore & Nemecek, 2018)n Europe, 65% of agricultural land is used for livestock, which
contributes heavily to environmental degradation through air and water pollution, global
warming, biodiversity loss, and soil aifidation (Leip et al., 2015) Meat production
specifically is the single most important source of mett{Boere & Nemecek, 2018fompared
to plantbased protein sources, such as beans and lentils, the production of beef and other red
meat requires 20 times meland and emits 20 times more greenhouse gas emissions per unit of
edible protein.

To curb climate change, we need Ahuge and
environmentally u(NMataas,t2@GlY) Bmedficady, spifting diettowars 0
more plantbased foods is crucial to reduce the environmental impact of food production. Indeed,
a recent paper suggedthat Western countries would need to reduce beef consumption by 90%
and consume five times mores beans and lentils to stistapiane{Springmann et al., 2018)

A change in dietvould alsohave substantial public health benefiiscausehe consumption of
red meat is associated with an increased riskdoonary heartliseasestroke, anactolorectal
cancer(e.g., Bechthold et al., 2019; Schwingshackl et al., 20A8ecent analysis of 15
commonly consumed foods showed tteat meais not oy associated with the largest negative
impact on the environmenit is also associated with the largest increase in diseas@ieik et
al., 2019) Thus, shifting consumer behaviaway from meat and towards pladrdsed foods

would have multiple environmental and health benéfitachi et al., 2017)



How can this shift in consumer behaviour be achievigldat consumptiors guided by
nonconscious processes, such as habits and perpdeastlirdGraca et al., 2019; Rees et al.,

2018; Schosler et al., 2012nterventionssolelyfocusing on conscious processes such as
knowledgearethereforenotlikely to lead to major shifts in consunies me a lbehagi@ut i n g
(see Bianchi, Dorsel, et al., 2018, for giesv ). Instead, interventions should target

nonconscious determinants of behaviyarteau, 2017)for example through changesthe

choice environmentvhich can affect habitsin line with this approachncreasing the

availability of vegetarian and plaiitased dishelsas been shown to decrease choices of meat in
cafeteria setting@Garnett et al., 2019)Similarly,reducing the portion size of meat served also
reduced meat consumpti¢Bianchi, Garnett, et al., 2018)ithout affecting customer
satisfactionReinders et al., 2017Recent work haalsoshown that omnivore consumetisat

is, those whaypically eat meat in their diets, are more likely to choose vegetarian dishes in
restaurants when these are presented in between other dishes on the menu, as compared to in a
separate sectigfiBacon & Krpan, 2018) Similarly, people chose vegetarian dishes more when
vegetarian dishesere labelleca s fAsoci afiechiorcemenobal L[y friendlI
compared tavhen they were labelleasfi v e g e t(kKapan &aHoutsma, 2020)These findings
suggest that making meat alternatimgegular alternativand making therappeamore

enjoyablecan motivate consumers to choose them.

Here, we take a complementary approach and focus on the langeat® label and
describe planbased food@ order to make plarttased meat alternatives more attractiviost
people like eating meat, aetjoyment of meat is one of the main barriers of following a plant
based die(Corrin & Papadopoulos, 2017; Macdiarmid et al., 2016; Pohjolainen et al.,.2015)
Therefore, to enable a shift to plérdsed alternatives, their immediate attractiveness needs to be

increased.We examine howthis can be achievddr restaurant meals, and fie@adymeals,



which area major part of the British food industflylahon et al., 2006)We take the perspective
of the grounded cognition theory of deqiRapies, Barsalou, et al., 2020; Papies & Barsalou,
2015)and suggest thata consumesimulates eating and enjoyindaod, this will increasdhe
f o o atéadtiveness Thereforedescribingplantbased foods with labels that induce simulations
of eating and enjoying a food shouddosttheir appeal

Thegrounded cognition theory of desaims to explain how motivation for stimuli,
including foods and drinks, arises in the cognitive systeapies et al., 2017; Papies, Barsalou,
et al., 2020; Papies & Barsalou, 2019he theory suggests that evéirge a person eats a food,
this creates a rich, comprehensive memory of thiseatingegisade isi t uat ed concep
Barsalou, 2009)Such episodeimclude not only information about the taste, texture, and
enjoyment of a food, but also information about other internal @gsfeeling hungry or
satiated, feeling happy, wanting to diet, or feeling socially conneatetiexternal context (e.qg.,
sownds,otherobjects angbeople presengccasiontime and location, ejcWhen the persorater
encounters food cue, such dke fooditself, a foodimage or word, oan associated context cue
that forms part of the situated conceptualisafeg., a band name, eating locatigrihis can
activate other elements of the previously encoded eating mefayperson then simulates
re-experiencethese otherassociateélementge.g., thoughts about its taste, texturepleasure
from eating) In other words, sucimformation is not merely cognitively associated, but once
activatedthrough associative pathways, Aaresent elementsan be reenacted, or simulated,
such aghetaste, texture, or pleasure of eating a foddis way, thepictureof afreshly grilled
burger for examplegcan trigger a simulation of the action of picking it up to take a bite, of its
rich and smokey flavour, its chewy mouthfeel, and the direct reward experienced from eating it
The imagecanalso trigger a simulation of being in a pub with good frienddjrfg relaxed on a

weekend, and having a sip from a cold drisuch simulationgeffortlesslyprovideuseful



information about expected taste and enjoyment of g Bowtithusupport goatirected
behaviour (e.g., going to the pub, ordering a burgenportantly, the theory suggest that such
consumption and reward simulatioremn also create desire in the absence of hunger, such as
when a food image or advertisement activates rewarding food memoriaggrabrwould then
like to reexperience In other words, the grounded cognition theory of desire suggest®tuat
cues can trigger simulations of eating and enjoying the food, especially if this food has previously
been rewarding, and that these simulations can increapertteived attractivenessid desire
for the food.

Recent research providssme initialsupport for these hypothesésr example in
behavioural work using a smalledfeature listing taskMcRae et al., 2005; Papies, 2018)ere,
when participantsver e asked to | i st t he odidifferant foodseveords h at
for attractive foods trigged more eatingsimulation words than words for neutral foq@apies,
2013) Thus, for a attractivefood like chips (UK: crisps), participants were more likely to
describe its taste, texture, and situdmtions
contrastfor aneutralfood like rice,participantsvere more likely tdist visualfeaturesor words
describing production and preparation methods (@.g.mal | o igfiwhims®0t o be
c o0 o0 K.eTtege resultsuggest that when asked to describe an attractive food, participants
spontaneously simulated eating and enjoying it in aaelieeating situationyhereassuch
simulationswereless likely for the neutral food.

Neuroimaging research has shown thatving attractivecompared to neutrébod
images during a brain scéaads to strongeactivatons inbrain areas that are also involved in
actual eating, such as primary taste, reward, and motor(fweasviews, see Chen et al., 2016;
van der Laan et al., 2011Exposure ¢ attractive food also triggers stronger salivation than

neutral foodKeesman et al., 2016; Nederkoorn et al., 2088pecially when participants are

a



instructed to imagine eating(Keesmaret al., 2016) Eating simulationgan also be triggered

by more subtle cuesas demonstrated by Elder and Krislip@12) Here whenadvertisements

showeda food in such a way that one could easily imagine eating it, for exgogheirt
accompaniedbypsoon wi t h the hand]Il rehapdcompdrad toghe other one 6 s
direction,this increased simulations of eating the food as well as purchase intentiogsther,

these findings suggest that attractive foods trigger eating simulations, and that this in turn can
increase the appeal of foad

Can this process be used to increase the appeal ofyalsed foods? Initial evidence
suggests that this may be possible. TurnwaldGmad (2019)comparedastefocused labels
with healthfocused labels for vegetable dish@heyfound that tastéocused labels increased
choicesand made the dishes appear tasienpared to healtfocused labelsand also compared
to shorter labels simply stating the name of the vege(@biewaldet al., 2019) However,
eating simulations were not measured, and the foods were mostlyneeih vegetables, which
might be more acceptable to consumers than fully fdlaséd dishesStill, Turnwald and
C r u riridimgs are in line with the possilty that increasing rewarding eating simulations
through labelsvill increase desire, even for relativeipvel orhealthy foods.

Here we build on this ide®revious work has shown that healthy restaurant dishes are
often described with less excitingssindulgent languageompared tanhealthy dishes
(Turnwald, Jurafsky, et al., 2017Therefore, weifst investigatdf the same could be true for
plantbased foodsWe examine the labels and descriptions of a large number oflmasat,
vegetarian, and plaifitased ready meals to assess the murabwords related teewarding
eating simulationsWe thenapply simulatioAinducing labels to plaritased food$o test
whethersimulation label$ncreasdhe attractiveness of plabtased foodscompared with equally

long control labels We alsatestwhethersimulation labelsncreasesating simulationsin sum,



we addresswo research questiong:) To what degreareeating simulatiorwordsbeingused in
descriptions of medtased, vegetarian, and pldrased ready meals in the BR) Can the se of
simulation words in labels and descriptions increase the attractiveness digdadtfoods
We presenthreestudies taanswerthese questions. Study 1 examines the descriptions of
a large number of meétsed, vegetarian and pldrgsed readyneals available in the UK to
assess thaese of simulatiorbased language in these descriptioBides?2 and 3then test
experimentallflwh et her di fferences in the | anguage use
spontaneous eating simulations and the perceived attractiveness of foods, such that descriptions

thatrefer to rewarding eating experiences increase simulations and attrastve

2. Study 1

In this study, weanalysed the words used in descriptions of Fbeaed, vegetariaand
plantbased readyneals availablén UK supermarkets We were interested the degree to
which simulatioawords are used in such descriptions. Wadted that mediased foods
would be described more heavily in terms of sensory and action features that reflect the actual
eating experiencand could therefore trigger eating simulatioc@mpared to vegetarian and
plantbased foods.

All study materiss, data, and analysis code can be found on the Open Science Framework

(OSF)underhttps://osf.io/kygup/?view_only=22226a4824d145bab15bc7ce58097681

2.1 Method

2.1.1Sample.

We aimed to collect a representative sampléofl labels from four popular
supermarkets in the UKvith different sociodemographic profilesrom each supermarket, we
aimed to sele?0 meatbased, 2@lantbased and 20 vegetariaioods(total N = 240). One

supermarketlid not offer 20 vegetarian options, which is why we sampled 23-p&sad and 17


https://osf.io/kygup/?view_only=22226a4824d145bab15bc7ce58097681

vegetarian foodsAnotherdid not offer 20plantbasedoptions,which is why we sampled 17
plantbased and 23 vegetarian food¥e included food items if they were readpae meals
(e.g., pasta dishes, pizza)if they comprised a large part of a meal (e.g., burger patfieshe
included, he preparation required for the consumption of a rhadlto bdimited to simple
cooking in a microwave or an oven to only incledesily prepared meals requiring minimal
effot. The sample included both supermar ket ds own
from chilled and frozen section§Ve selected foods from a wide range of categories (e.g., curry,
salad, bake) to obtainlarge variety of meaJdased on local availability aqulice range When
there were multiplelishes available for eategorywe randomly selected one optiowe did not
conduct an a priori power analysis.
2.1.2Procedure and Materials.
We collected the labebnd descriptions of the foofl®m the supermarket websiteBor
foods not available on the website, twek photos of the food ithe storg Glasgow, UK) We
thencodedwordscontained in the first paragraplihich was usually phraseof ca.twelve
words. We dividedlabek into their smallest meaningful unitdfzor exampleficr i sp whol eqgr
ultrarthin stonebakegizza topped with houmotsst y| e sauceo0 became dAcris
Aultthrian o, Astonebakedo, -sfipyilzezdoa 0 ,A sfatuocpepbe d 6, A h o
We codedvords in the food descriptiorsecording taa hierarchicalcodingscheme
(Papies, Tatar, et al., 2020yhe scheméias beemlesigned to assign food features to categories
according to whethahe featuresefer to situations in which the food is consumed (consumption
situations), to situations iwhich the food is pesent but not being consumed (vammsumption
situations), or whether they are situatiodependent Thesethree main categories are further
divided into sukcategories.Consumption situation featurase assigned ttihe subcategories of

sensory and aicin systenfeatureqtaste flavour, texture, temperaturagtion words) contextual
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features €.g., internal and external context words, such as emotional confgxgsical social
or timesetting, andimmediatepositive or negativeonsequencest consumption (e.g., hedonic
consequences, such as delicious; bochiysequencesuch as filling) Non-consumption
situationfeaturesare assigned to the subcategoriesrajins and productio(e.g., from Ching)
preparation(e.g.,steamed)andpurchase and accessibility.g, expensive) Situation
independenteaturesareassigned to the subcategoriesngjredients and conte(g.g, tomatoes)
visualfeaturege.g, round) linguistic andcategory informatiorfeg., snack)andgeneral
evaluation(e.g.,bad.

Oneauthorcoded each feature of eafdiod labe) assigning features to categorias.
second author double coded 10% of all foddterrater reliability = .69) indicated substantial
agreemenf{McHugh, 2012) The two codershendiscussed and resolved discrepanaias

applied theseoding decisions to the remainifapd labels.

2.2 Results

Foods had an average %8 total features§D= 3.6). Meatbased foods hthehighest
number oftotal featuresNl = 116, SD= 3.7), followed by vegetarian food#/(= 9.2, SD= 3.3)
andplantbasedoods M = 8.6,SD= 2.9).We conducted all analyses in(fersion 3.6.1; R Core
Team 2019) we processed and visualized data with packages ttitheerse(version 1.2.1;
Wickham, 2017)

2.2.1Confirmatory analyses

We first tesedthe hypothesis thaineatbased foods would have a higher proportion of
sensory and action features th@antbasedand vegetarian food®roportions were calculated by
dividing the number of features per category by the total number of features for Bfalise
we were aalyzing proportionswe could not rely on a linear model that assumed a Gaussian

distributionn such models regularly result in biased estimétasger, 2008)n addition, there



11

was substantial variatiaon the total number of features between supermafge¢sFigure 1)To
account for these differencaad the norGaussian data distributiowe fittedbinomial mixed
effects modelsvith theglmerfunction of thelme4packaggversion 1.1-21; Bates et al., 2015)
Following current best practicegje employed a maximal random effects strue{Barr et al.,
2013) predictingproportion with a fixed effect for food tygsumto-zero coded)a random
intercept br supermarket, and a random slope for food tyggingacrossupermarket We
obtainedp-valuesbased on Likelihood Ratio Tests,iagplemented in thenixedfunction of the
afexpackaggversion 0.251, Singmann et al., 2019)he modelmet all assumptions for a
binomial regression model axgsplayed excellent fit, as assessed withnioelel diagnostics
implemented with th®HARMapackaggversion0.2.6; Hartig, 2019)For detailson the
diagnosticseethe analysiseportson theOSE

Contrary to our prediction, the overall effect of food type on sensory and action features

was not significant@®(2) = 5.01, p = .082.
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2013).
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2.2.2Exploratory analyses

However, b beter understand the pattern of resalésshown in Figure 2ye conducted
pairwise comparisons between the condititsin the confirmatory modekith theemmeans
command in themmeangackaggversion 1.4.2; Lenth, 2019adjustingour alphaor multiple

comparisongU= .05/ 3 = .017).
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Figure 2 Raincloud plots of the raw data associated with our analysis diffaeence in the
proportion of sensory and action features betweed types. Points represent each raw data
point; density plots represent the distributibarge circlegepresent thgroup means; bars of
these points represent the 95%&@ll raincloud plots based on Allen et §2018)

Plantbasedoodsweredescribedvith a lowerproportionof sensory and action features

(M =.10,SD=13) than meabased foodsM = .14, SD=.12),but this difference was not
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significant,b =0.62 SE=0.34, p = .064. Vegetarian foodlescriptiondhad a lower proportioof
sensory and action featur@d = .07,SD=.10)thanmeatbased food$ = 0.63 SE=0.23 p=
.005. The difference betweettescriptions oplantbasedand vegetarian foods was not
significant,b = 0.01, SE=0.25, p = .967.

2.2.3Further exploratory analyses.

In addition, we explompotential differences betweeescriptions with regard the
three main feature categoriesthreeadditional binomial mixegkffects modelsFor an overview

of the proportionssee Table 1. For a visualization, see Fidiire

Table 1 Proportions ofeatures by-eatureCategoryand Food Category

Food type = Consumption Non-consumption Situation independent
M SD M SD M SD
Meatbased .15 14 A7 12 .68 .16
Plantbased .13 17 10 .10 e 19
Vegetarian .08 A1 14 13 .78 A7

2.2.3.1Consumption situationfeatures.

Theoveralleffect of food type on proportion of consumption situation features was
significant ¢ (2) = 7.31, p = .026. Meatbasedood descriptionsad a higher proportion of
consumptiorsituationfeatureghanplantbasedoods, but this difference was not significamt;
0.42 SE =036, p = .248 Meatbased foodlescriptiondad a significantly higher proportion
than vegetarian foodescriptionsb = 0.66,SE= 021, p =.002. The difference betwegnant
basedandvegetarian foodlescriptionsvasnot significant,b = 024, SE= .28, p=.389 The

modelmet all assumptions arttisplayed good fit
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2.2.3.2Non-consumption situation features.

Theoveralleffect of food typeon prgortion of noaconsumption situation features was
significant,é(2)= 7.51, p = .024. Meatbased foodiescriptionshad a significantly higher
proportion of norconsumptiorsituationfeatures compared mantbasedood descriptionsb =
55, SE= .16, p < .001, but not compared to vegetarian fadescriptionsb = 0.13,SE= .15, p =
.381 The difference betwegulantbasedand vegetarian foodescriptionsvas significantp = -
0.41, SE=.19, p = .026, but not when correcting for multiple testifig= .05/ 3 = .017)The
modelmet all assumptions amtisplayed good fit

2.2.3.3Situation-independent features.

The effect of food type on proportion of situatimiependent features was significasit,
(2)=6.70 p=.033. Meatbased foodlescriptionshada slightly lower proportion ofsituation
independent features thatantbasedoods b =-0.54 SE =.22, p =.015, and a significantly
lower proportion thanegetarian fooddy =-0.40 SE= .12, p <.001.Plantbasedand vegetarian
foods did not significantly differ from each othbr=0.14 SE= .21, p= .517. The modeimet all

assumptions andisplayed good fit
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2.3Summary and Discussion

Specific comparisons ithis observational study showed that the descriptions of meat
based ready meals available in UK supermarkets contained a higher proplosgasary and
action wordqsuch as words referring to taste and texiuwrejnpared to vegetaridoods,
although not significantly higher when compareglantbasedoods We also saw
descriptively that the food languagariedbetween supermarkets,tvithree of the supermarkets
using fewer sensory and action words for plaased foods compared to méased foods, and
one supermarket showing the opposite pattern. Overaditimased foods containediower
proportian of situationindepeadent words guch as words referring to ingrediertigalth,or food
categories).

These findings suggest that the language used to label and describe ready meals in the UK
differs depending on whether the meal contains meat or not, at least in the four supermarkets
examined here. Specifically, the overall pattern of the data suggests thdiasedtfoods are
more likely to be described with words that can trigger consumption and reward simulations, and
could contribute t ¢nSwdya, wahbréfmeexaminedexperimtertallys way .
whethersuchdifferences in the language used to described fomttsedincreass ther
attractiveness, and whether they affect consumption simulations

3. Study 2

In this study, we manipulatebe descriptions aheatbased and platsiiased foodsThe
descriptionsvereeither neutral or manipulated to contaiords that would highlighgither
sensory features, contextual features, or hgadtitive feature¢Turnwald, Boles, et al2017)

For each food, participants rated thaibjective desirdikelihood to order the dish) as well as
the degree to which the descriptions made them simegdiieg the foodWe predictedthatboth

sensory andontextdescriptionsvould lead to icreased desire and simulations compared to
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neutraldescriptiondor plantbased foodsWe hypothesizd no difference betweehealth
positive and neutralescriptionsin addition we predictedthat meatased foods would be rated
as more desirable than pldrased foods, regardlessd#scriptiontype. We further expected that
sensory and contegtescriptionsvould increase desire more for pldrtsed than fomeatbased
dishes, compared to neal descriptionsLast, wehypothesizedhat the intention to redu@ating
meat would positively correlate with desire for ptaased foods.
3.1 Method

Following calls for more robust scien@dunafo et al., 2017; Nosek et al., 2018
preregisered hypotheses, sampling plan, exclusion criteria, and our confirmatory analysis plan.
The preregistration,llsstudy materials, data, and analysis code can be found on the OSF

https://osf.io/kygup/?view only=22226a4824d145bab15bc7ce58097681

3.1.1 Design

We conducted an online experiment with @escriptiontype:context vshealthpositive
vs. neutral vs. sensorg (food type: planbased vs. mediased)within-participants design.

3.1.2 Sample

We aimed to detect a smallest effect size of interegt©10.2 in a ondailed paired
samplestest(Lakens etal., 2018)To achi eve 80 % pioweamaededt U = . OF
recruit 156 participants. To account for possible dropout and exclusions, we preregistered to
collect a sample 10% larger, resulting itaeget sample size of 172 total of 18 participants

opened our survey arsearch participant recruitment web$telific (www.prolific.co).

Respondents had to fulfil five inclusion criteria: They had to (1)iivhe UK, (2) be between
18 and 70 years old, (3) consume an omnivorous diet, (4) have no current eating disorder or a
history of eating disorders, and (5) not be on welgss or other restrictive didtour

participants did not fulfil the inclusion criteria. We had two preregistered exclusion criteria: (1)


https://osf.io/kygup/?view_only=22226a4824d145bab15bc7ce58097681
http://www.prolific.co/
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We excludeckightadditional participarstbecause they did not finish the survey; ¢2g
participant gave identical ratings on each tifdus, our finbsample consistedf N = 170
participants (age rangel8-68, Mage = 32, SDyge= 11, 56 men) Participants receivedl£A0for
their participationStudies 2 and 3 wewpproved by the Ethics Committee of the College of
Science and Engineering at the University of Glasgow.

3.1.3 Materials

We selected 20 pladtased and 20 mehasedmeals that could be ordered in a restaurant.
We chose a broad range tybes of dishege.g.,soups, burgersurries)and the proportion of
dish type was equal fdroth types of food (e.g., three pladrdsed and three meadsed soups).
Each dish description had a neutral version (i.e., the neutral condition) that merglyd &b
situationindependenteatures such asgredientge.g.,lamb, lentils) the food categorye.g.,
burger, chilli) and sides (e.g., served witlmato salsga For thecontext condition, we added
informationto the neutratiescriptionsabout contetual featurege.g.,cold day, pubpand features
signallingimmediate positive consequengesy., satisfying, feejood).For thesensory
condition, weaddednformation aboutaste and flavar (e.g., sweet, tangy) and texture (e.qg.,
crispy, smooth). For the healffositive condition, we addadformationabout longterm positive
health consequencés.g., nutritiousproteinpacked) We did not match neutradlescriptionsn
length with the otlr conditionsSee Tabl& for exampla. The fooddescriptiongdid not
explicitly state that a dish was vegetarian, plasted, or vegan.

We countébalanced the assignment of condition to facdoss participant3.his way,a
specific food was not assotaa with only one condition for all participants. Insteparticipants
were randomly assigned to one of four counterbalancing conditionsthauelach food was
assigned to one of the four conditions equdllyus, each participasaw a total o#10

desciptions five for eachdescriptiontype condition for planbased foods and five for each
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descriptiontype condition for meabased foodsTherefore we could rule out that possible

effects were bound to a specific foadd generalize to other foods in the analysis.

Table2
Examples of Foo®escriptions used in Study 2
Plantbased foods Meatbased foods
Neutral Chickpea curry with tomatoes and Pulled pork burger wit coleslaw,
red peppers coriander angalapenas
Sensory Fragrant chickpea curry with Juicy pulled pork burger with
tomatoes angliicy red peppers coleslaw, coriander argpicy
jalapenas
Context Celebratory chickpea curry with Family feastpulled pork burger

tomatoes andefreshing red peppers with satisfying coleslaw, coriander
and jalapeas
Heathpositive  Nutrient-rich chickpea curry with  Iron rich pulled pork burger with

tomatoes and red peppers coleslaw, coriander and jalames

Note.Bolded words are added to the neutral descriptidngblight sensory, context, and health

positivefeatures.

3.1.4 Procedure
The experimenivas deliverediia the online study software Qualtrics

(https://www.qualtrics.coi Participants first read a study information sHeefbre indicating

that they fulfilled the inclusion criteria and giving informed consAfterwards, they reported

their current levelsfchungerand thirsft A How do y ou Dbrelé0point visgah t

now?o)

analogue scale (VAS)or t he it ems fA Hamgingfromn atn dath Talilrs tty®

Aextr eMueyd=y¥4 SD{unger= 28 andMinirst = 51, SDnirst = 24). Then, weinstructed
participantghat they would ratd0 different dishesn how much they would like to order each

dish based on the descriptidtarticipants could indicate their desire for a dish on a6t
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VAS(AWoul d you order thiwpudlidslc?2o)Y aimdyginmg for dme
cert ai nl(Maw®5286Ba =32t Rarticipants then proceeded to réiteir desire foall
40 foods.Next, to assess simulationse instructed participanthat we would like to knovaow
much theythought about what dish would taste likendhow much they imaginedhat it would
feel like to eat a dish. For the same 40 dishes as previouslyiesmynded to two items that
were intended to measure simulasgnil s pont aneously thought abou
and @ magined what it woudaoi nteeMAS irkeengion g aftr ar
toi v er y . Asprerégistered, we took the mean of those two items as a measure of
simulations Mraw = 60, SDaw = 26).

In the next section, participants provided demographic informéatieginning withage,
sex,height Mcm=171, SDm = 11), and weight Mg = 74, SD = 18). Eight participants reported
not to follow an omnivore diet, altlugh they indicated to be omnivores when responding to the
inclusion criteriaat the beginning of the studywhen we asked participants homany of their
mealsin a weekcontain meafM = 7.2, SD= 3.8), six out of those eighteported taccasionally
eat meatfwo reported no meat consumption. Because these two indicated to be omnivores at the
beginning of the surveyhey might occasionally eat meat, which is why we did not exclude
them?Ne xt , we assessedtoarretd ucciep aenattsion g nnieeantt iwint h
currently trying to change vyourmali®poettvVAS o r educ
ranging from Anot at aM=37 $0=¥3). bagtarticipantB cer t ai nl
reported orfood allergieslanguage comprehension difficulties during the stdiolyd likes and
dislikes,what they thought the study was about, and technical problems during thebstioig

they weredebriefed and thanked. Theedian duration of thexperimeniwasaround 15 minutes.

'The subscript fArawd denotes that t he de saggrégatingbye i nf or
participant first.
2 When running the analyses without these participants, excludingdidemot change the results.
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3.2Results

In the analysis, we deviated from our preregistered aesM#&e hadpreregistered to
conduct pairegsamples-test and repeatatieasures ANOVAs. However, these approaches do
nottake into @acount the variance associated with foods, which can leadhigher falsgositive
rate(e.g., Bolker et al., 2009T herefore, we regarded a deviation from our preregistered analysis
plan as necessary to obtain more accuesdelts(Szollosi et al., 2020\We constructed mixed
effects models with a maximal effects structure for all hypotheses (Barr et al., 2013). For all
models, we obtainedyalues baston Ftests with Satterthwaite approximation for degrees of
freedom for Type Ill Sums of Squares (Luke, 2017). The two main outcoessand
simulations, were conceptually similar and empirically related 47} warranting correction for
multiple testing. In total, we conductéiye confirmatory tests with either simulations or
attractiveness as outcome. To control our familywise error rate, we therefore applied a Bonferroni
correction, such that we onl|l yObbnfilsi dered ef f e

3.2.1 Main Effect of Description Type for Plant-Based Foods

3.2.1.1Confirmatory

Ouir first three hypotheses predicted tloatplantbased foodsoth context andensory
descriptionsvould cause higher desiand simulationshan neutral descriptionand hat health
positive descriptions would not differ from neutral descriptions. To test these hypotheses, we
constructedwo maximal moded (for desire and simulations, respectivehgt included
description type afixed effect(sumto-zero coded)a randomntercept for participants and
foods, and random slopes varying acnoadicipant and foodlhe modebpredicting desirelid
not converge and yielded a warning for singulaMie followed best practices to troubleshoot
convergences issues in mixeffects model¢Barr et al., 2013)We increased the number of

iterations; started from previous fit; and ran the model with different optimRarameter
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estimates were not stable agaptimizes, which is why we had to start simplifying the model.
We began by removing correlations between random effects, followed by removing random
intercepts and removing the random slope for foods. Neither of these steps helped with
convergencé¢for numerical details, see OSKYe did not want to remove random slopes varying
across participants becausea high risk of Type | errofBarr et al., 2013)

Instead, wean a repeatetheasures ANOVA. Contrary to our predictions, the main effect
of descriptiortypewas not significantF(3, 507) = 1.25¢% = .003,p = .290.There were only
small differences between desire for foods with neulla 63, SD= 13)°, context(M = 52, SD
= 15), sensoryM = 54, SD=15), or healthpositive descriptiond =51, SD= 15, seeFigure
4).

The mixedeffects model predicting simulations also ran into convergence problems. We
followed the same troubleshooting steps as above. We had to remove the random slope varying
across food for the model to stay within an acceptable level of toleransiedatar fit. The
effect of description t ¥{p42%Wa2.98=0.032.48daig,ni f i can:
there were only small differences betmesimulations for foods with neutrdfl(= 59, SD= 15),
context M = 61, SD=15), sensory ¥ = 61, SD=16), or healthpositive descriptionsM = 58,

SD=15; see Figure 5).

Ther.squaredGLMMfunction from theMluMIn packaggversion 1.43.6; Barton, 2019)

yielded an effect size estimate 0020for variance explained by the fixed effelt), and an

estimate of .8 for variance explained by both fixed and random effeRtg.(

3 We report theSDaggregated by participant, rather tf&Dbased on all observations, to make our results
comparable to other research and to make it easier to calculate effect sizes-mmahestas.
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Figure 4. Raincloud plots of the raw data associated with our analysis of theseffelgtscription type antbod type ordesire Points

represent each raw data poiensity plots represent the distribution. Connected points represent the group means; bars of these points
represent the 95% CI of the withsubject standard errofhe overall group merely shows the main effect of description type (i.e., the
average ogr both foods types).
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Figure 5. Raincloud plots of the raw data associated with our analysis of theseffelgtscription typen simulations Points represent

each raw data point; density plots represent the distribution. Connectedrppretent the group means; bars of these points represent
the 95% CI of the withirsubject standard erroFhe overall group shows the main effect of description type (i.e., the average over both
foods types)We display separate means for food tyfmebeconsistent with other figures.
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3.2.1.2Exploratory

Despite the nonsignificant omnibus test, we were interested in possible differences
betweerthe condition®n desirePairwise comparisonsith theemtrendcommand in the
emmeangackage(version 1.4.2; Lenth, 2018howed that none of the castsweresignificant
(all p>.246).For simulations, no contrafter correction for multiple testing) was below our
adjusted significance levedl{ p > .015).In addition, for the model predicting simulations w
identified outliers by i nseakogjenretpl, 2Da8Jhkeds di st .
effect of label descriptions dicbhchange when excludingutliers F(3, 287.47) =2.60,p = .052

3.2.2 Interaction of Food Type and MeatEating Frequency

3.2.2.1Confirmatory

Next, we tested the hypothesis thatoss description types, mdmtsed foods woullle
rated as more desirable than ptaased foods, especially for people who eat meat more often.
We constructed a maximal mixedfects modepredicting desire that included an interaction of
food type and meatating frequency (standardized) as fixef@&f (sumto-zero coded), with
random intercepts for participant and food and a random slopedditype within participant.
The model converged without problerBath the main effect of food typE(1, 48.15) = 14.88)
<.00], and its interaction witmeateating frequencyk(1, 166.99) =38.50,p < .001, were
significant predictors of desiréhe main effect of meadating frequency was not significantly
related to desird-(1, 166.99) = 0.24p = .625 R%, = .04, R% = .26. As predicted meatbased
foods elicited higher desird(= 58, SD= 13) than planbased foodsM = 47,SD= 15). This
differenceonly emerged the more frequent participants eat fiéatproceeded testimate
simple slopesvith theemtrendsommand in themmeangackaggversion 1.4.2; Lenth, 2019)
As illustrated in Figure, a one standard deviation increaseni@ateating frequencyas

associated witla 3.25 increase idesirefor meatbased foodsSE= 1.0, asymptotic CLL.30
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5.21], butwith a 4.13 decrease in desire fantbased foodsSE= 1.14, asymptotic CL{6.37, -

1.89.
100
754
_g ‘;;:_:;f:’"{_l_ - Food Type
B 501 e H Meat-based
8 — = Plant-based
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Frequency of Eating Meat

Figure 6.Modelbased slopes and ClI for the relation between the frequency of eating meat
(standardized 10foint visual analogue scale, such that one unit represents one Si¥saed
ratings (on 104point visual analogue scales) of mbased and plafiiased foos.
3.2.2.2Exploratory
The exclusion of outliers did not change res(dignificant effects remained pi .001).
3.2.3 Interaction of Description Type and Food Type
3.2.3.1Confirmatory
Next, we tested the hypothesis that the effect of description type would be sfarnger
plantbased compared to meadsed foodsNe constructed a maximal model predicting desire

with a fixed effect of the interaction of description type and food typa-{stzero coded), a

random intercept for participant and foadiandom slope for the interaction within participant,
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and a random slope for description type within fobide model yielded a singularity warning
that was within acceptable levels of tolerarithere was a significant difference between food
types, F(1, 56.60) =14.61,p < .001, but neither description tyg&3, 55.17) =2.03,p = .121,
nor its interaction with food typ&(3, 48.70) =0.19,p = .901, were significant predictors of
desire,R%m = .03,R% = .29.
3.2.3.2Exploratory

We explored pairwise comparisons between descripitoossood types. None of the
contrastaveresignificant(all p > .084).Excluding outliers did not change the pattefmesults.

3.2.4 Correlation Between Intention to Reduce Eating Meat and Desire

Last, we tested whether tirgentionto reduce eating meat would correlate with desire for
plantbased foodsWe aggregated desire ratingsr participant. The intention to reduce eating
meat was positively correlated with those ratimgs 34, p < .001.There were no visual outliers
influencing this relation.
3.3Summary and Discussion

This experiment provided no evidertbatfood descriptionsvhich add either sensory,
context, or health positive words increase desireating simulations of foodd/Vhile thepattern
of meanswas in the expected direction, the differences between conditions were verylsmall.
Study 3,we therefore combineaaturedo produce stronger simulationducinglabels.

4. Study 3

This experiment was designed to replicate Study 2 with a stronger manipulation that
combined sensory, context, and hedamizds in fooddescriptiongo induce eating simulations
and desireWe did not include health positive wordgcausehere was no evidenas
expectatiorthat these would increase desire. Finallg,ensured that the neutddscriptions

were equally long as tre@mulationbased descriptions to increase experimentakabriéve
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againpredicted that simulatichased descriptions would increase eating simulations and
attractiveness ratings, especidlly plantbased foods. We further predicted that simulation
ratings would predict attractiveness ratings. Finally, we predicted that the intention to reduce
meat consumption would be positively associated with attractiveness ratings dfgdadtfoods
and negatively with the attractiveness of meaded foods.
4.1 Method

We preregistered hypotheses, sampling plan, exclusion criteria, and our confirmatory
analysis planThe preregistration,llastudy materials, data, and analysis code can be fourttkon t

OSEFE https://osf.io/kygup/?view only=22226a4824d145bab15bc7ce58097681

4.1.1 Design
We conducted an online experiment with al@gcription type: control vs. simulation
basedl by 2 (food type: planbased vs. mediased) withirparticipants design.
4.1.2 Sample
We employed mixe@ffects models for our analysis, which rely on data simulations to
estimate powefDeBruine & Barr, 2019)These simulationgquire knowledge of parameters,
ideally based on available studies or pilot data. We did not have such information available.
Instead, we opted to be able to detect a smallest effect size of intadest@®@? in a ondailed
pairedsamples-test(Lakens et al., 2018yhichrepresentanapproximation of a priori power
forouranalyses To achi eve 80 %i,wengeaded toadcruit56-participabits.f o r
To account for possible dropout and exclusions, we preregistered to collect a Fathapsger,
resulting in a target sampéize of 172.
A total of 187 participants opened our survey on Prolificlusion criteria were the same
as in Study 2and 12participants did ndulfil them. We had two preregistered exclusion criteria:

(1) We excluded one additional participant because they did not finish the survey; (2) no
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participant gave (almost) identical ratings on each Wéden inspecting the average time
participants took for eadhial, we discovered that several participants were rushing through the
survey (e.g., average response times per trial of 1.5s). Because we did not have an objective cut
off for rushed responses, we relied on the Relative Speed Index (RSI), developéakeby Le
(2013) whichidentifies meaningless responses by comparing individual page completion times
to median completion times of the entire sampl&ng this procedure, we excluded eight
participants, leading to a final sampleMNdE 166 (age range = 180, Mage= 31, SDage= 10, 48
men). Because we did not preregister the exclusiomusiiedresponses, we conducted all
analyses with and without these eight cases (see,@Bé#note when their exclusion changed the
conclusions of the respective analysis. Participants receite®@bfor their participation.

4.1.3 Materials

We presentegarticipans with 20 plantbased and 20 mebtased ready meals available
in UK supermarkets, spanning a wide range of dishes (e.g., pasta dishes, wraps, burgers, stir
fries). Rather than designing descriptions ourselves, wa d apt ed t he tHatomerd s 6 d e ¢
presented on the package or on the website of the supern@okéil descriptions only
contained words referring to ingredients (e.g., mushroom, vegetables), food categories (burger
patty, roast), or composition of the food (added, assorted), wheredatgimbaseddescriptions
also contained sensory words (e.g., fragrant, spiced), hedonic words (e.g., indulgent, tasty), and
context words (Japanese lurstiyle, Sunday lunch). Both description types were equally long
and contained 21 words (see Tabl®. The descriptions of plafitased foods did not state that

the food was vegetarian, plamtsed, or vegan.
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Table3. Examples of Foo®escriptions used in Study

Control descriptions Simulationbased descriptions
Plant-based Mushroom burrito wrap with Indulgent lunchburrito with
foods assorted beans, different vegetabl¢ fragrantmushroomsilavourful

and added tomato sauce. beans, andenerouslyspiced

tomato sauce.

Meatbased Pizza base topped with tomato Family-stylepizza topped withich
foods saucegrated Mozzarella cheese ar andtasty tomato saucesoft

pepperoni sausage with added spic Mozzarella cheese, aspiced

pepperoni

Note.Sensory words are underlined. Hedonic words are bolded. Context wortddi aised.

In our analysis, we aimed to generalize from the foods in our study to foods more
generally. Therefore, we counterbalanced the assignment of contsihaundtionbased
descriptiongo foods. Participants were randomly assigned to thesedwaderbalanced
conditions, such that half of the pldrmised and medtased foods were assigr&thulation
based descriptiorfer one counterbalanced condition and the other half were assigned control
descriptions This order was reversed for the othermteubalanced conditionT his way, we
could rule out fooespecific effects and generalize to other foods in the analysis.

4.1.4Procedure.

The experiment was programmiedQualtrics.The procedure was similar to that of Study
2. Participants first read a study information sheet, indicated whether they fulfilled the inclusion
criteria, provided informed conserand rateaturrent levels of hung#hirstas in Study ZMnunger
= 29, SDhunger= 24andMmirst = 46, SDirst = 25). Next, we informed participants that they would
rate how attractive they found 40 different ready meals for sale in supermarkets. The foods were
presented in random order. We instructed them to follow their intuition when rating the foods,

and to rate theron a visual analogue scale (VAS), ranging frorm@ @ttractive at all to 100
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(very attractivg¢ , on t he question fAiHow at tMaa=x5hbi ve does
SDaw = 29). Next, to assess eating simulations, we told participants that wenteested in
their experience as they read the food descriptions. We asked them to indicate on a VAS, ranging
from O (hot at al) to 100 yery muchto what extentthey agreedi t h t he st at ement
this label, | imagine what the food wouldtda € a n d Mag=e5D, Shai=RB.0 (

Then, participants provided additional demographic information, including thearae
sex and heightMcm= 169, SD:m=9) and weight «g= 73, SDy = 16). All but two participants
indicated to follow aromnivore diet; two participants indicated to be vegetarian. These two
indicated to be omnivores at the beginning of the survey (i.e., one of our exclusion @rtdria)
oneof them reported to occasionally eat mdéatis, we did not exclude these caseshag might
occasionally consume meaiVe assessed meat eating frequency by asking participants to report
thenumber oftheir meals that contain meat per wedk£ 7.10,SD= 3.81) Using100-point
VAS, wethenassessed the following variabl@sentionsto reduce meat consumptioni Ar e y o u
currently tiying to change your diettodtece your meat consumption?0 nc
certainly trying;M = 45 SD= 34); attitude toward eatingmeditWh at do you t hink &
meat® | d o n 0 tallilliikk ievery mucheM = 75, SD= 26); attitudes toward vegdnod
(AWhat do you think aboutilbhlkeigreymuthMec®RLSDI dondt
=27); and attitudesowardplantbased foodfiwhat do you think ahda plantbased food?!|
dondt | i Klileitvery mach;M a$9)SD= 25). In addition, participanteportedany
food allergies, language comprehension difficulties during the study, what food preferences may
have influenced their responses,avthey thought the study was about, and any technical issues
during the study. Finally, we debriefed and thanked participants. The median duration of the

study was about 14 minutes.

4We reran all preregistered analyses without these two participants. Their exclusion did not affect the result
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4.2 Results

Following our preregistration, we constructed mbpeftibcts models with a maximal
effects structure for all hypothes@arr et al., 2013)For all models, we obtaingdvalues based
on F-tests with Satterthwaite approximation for degrees of freedom for Tlyparhs of Squares
(Luke, 2017)Like in Study 2, he two main outcomes, attractiveness and simulations, were
conceptually similar and empirically related<.51), warranting correction for multiple testing.
In total, we conducted seven confatory tests with either simulations or attractiveness as
outcome. To control our familywise error rate, we therefore applied a Bonferroni correction, such
that we only considered effects to be signifi.
4.2.1Main Effect of Description Type

4.2.1.1Confirmatory analysesTo testthe hypothesis that simulatidrased descriptions
would increasesimulation and attractiveness ratingse constructed two maximal models, one
for simulations and one for attractiveness. The models indladixed effect oflescriptiontype
(treatment coded), a random intercept for participant and food stimulus, and random slopes
varying across participant and foo@8oth models converged without problems. predicted,
participants reported stronger eating simulations when foodsiimadationbased i = 63, SD=
13) compared to control descriptiortd € 55,SD= 15),F(1, 95.13) = 37.51p < .001,R’n = .02,
R = .32,see Figurd.

A similar efect emerged for attractivenessgain as predicted, participants rated foods
more attrative if they had simulatiobased descriptiondA = 56,SD= 13) compared to control

descriptions1 = 53,SD= 12),F(1, 47.57) = 10.74p = .002,R?m = .003,R% = .26; see Figuré.

5 Note thatwe were imprecise in the preregistration, where we specified to predict each outcome from label type and
food type. We meant random intercepts and random slopes for food stimuli, rather than including a fixed effect of
food type.
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The mean attractiveness rating per food in each condition, averaged across participants, can be
found in the Online Supplemental Materials.

4.2.1.2Exploratory . We tested whether the effects were robust to (1) the inclusion of the
eight participants witla highrelative speed index2) the exclusion of potential outliers, and (3)
the inclusion of covariatesAll effects were robustDetails on these analyses can be found in the
supplemental materialdVe alsoinspected whether the effectadscriptiontype on
attractiveneswvas different fomen or women. Neither the main effect of gender nor its
interaction withdescription type was significant (bgbr» .215).
4.2.2Interaction with Food Type

4.2.2.1Confirmatory analyses To testwhether the effect of simulatidmased
descriptions was especially pronounced for plaaged foodsye constructed a maximal model
for simulations and attractiveness, with a fixed effect of the interaction of food type and
descriptiontype (sumto-zero coded), a random intercept for participant and food stimulus, a
random slope for the interaction within participant, and a random slogedgoriptiontype
within food stimulus. Both models yielded a convergence error. Vitevet the same
troubleshoadng steps as in Study(Barr € al., 2013) Both fixed and random effects were stable
across all troubleshooting stefis particular across optimizersguggesting that we could trust
the model estimatd$or numericaldetails, see OSF)

We did not find that the effects of descigpt types were more pronounced for pfant
based than for mediased foods. In the model predicting simulations, both descriptionR¢fe,
96.81) = 37.42p < .001, and food type;(1, 62.30) = 37.4% < .001, had significant main
effects, but their intaction was not significanE(1, 36.31) = 1.28p = .265;R?n = .06,R% = .37.
Similarly, predicting attractiveness, both description ty{é, 48.82) = 10.26p = .002, and food

type,F(1, 60.11) = 30.64p < .001, had significant main effects, but their interaction was not
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significant,F(1, 37.45) = .07p = .800;R%, = .05,R% = .32; see Figur@. Thus, contrary to our
hypothesis, we did not find evidence that simulabaseddescriptionsvould increase

simulations and attractiveness more for plam$ed compared to mdadsed foods. These results

did show, however, that both attractiveness and simulations were rated higher fbasseht

foods M =61,SD= 28 andM = 65,SD= 26, resp.) than for plaitased foodsM = 49,SD= 29

andM = 53,SD= 28, resp.). In other words, participants indicated to find {n@s¢d meals

more attractive, and to think more about what it would be like to eat them when reading the food
descriptions (see Figui®, compard to plantbased foodsExploratory analyses showed that the
two main effects remained robust for the simulation and the attractiveness mopek(a0i03).

Likewise, excluding outliers did not change the pattern of resultggall.003).
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Figure 7. Raincloud plots of the raw data associated with our analysis of theseffelgtscription type antbod type on attractiveness
and simulations. Points represent each raw data plaEnsity plots represent the distribution. Connected points represent the group
means; bars of these points represent the 95% CI of the istthjact standard error



