
 
 

 

 

 

 

Consumer perception and decision making 

PhD dissertation 

 

Piet van de Mosselaar 

 

 

 

 

 

 

 

 

 

Aarhus BSS 
Aarhus University 

Department of Management 
2022 





Acknowledgments

I would like to thank Anne Odile Peschel (Aarhus University), Ben Lowe

(University of Kent), and Valdimar Sigurðsson (Reykjavik University) for participating

in the assessment committee and taking valuable time to assess and discuss my work.

Klaus G. Grunert, Sascha Steinmann, and Marco Hubert, thank you for reviewing my

work. Martin Schoemann and Sonja Perkovic, thank you for being great colleagues.

Jacob, thank you for being an exemplary supervisor. Natália, I cannot thank you

enough.

Piet

Aarhus, March 2022

i



ii



Executive summary

This research is concerned with consumers’ perceptual judgments and decision

making, and the results have implications for consumers, marketers, and policy-makers.

Everyday, consumers perceive their environment, and the resulting perceptual

judgments may influence the decisions they make. A goal of consumers is to maximize

utility (i.e., to maximize benefits for themselves). For instance, health-conscious

consumers want to identify and consume healthy food, and most consumers want to

engage in experiences they find enjoyable – but are they able to?

In three papers, this research investigates situations in which consumers could

fail to maximize utility. Specifically, consumers could fail to maximize utility for any of

the following reasons: if an environmental alteration biases perceptual judgments

(Paper 1), if misinterpretation biases perceptual judgments (Paper 2), or if perceptual

judgments do not inform decision making (Paper 3).

Paper 1 examines an environmental alteration in the context of copycatting

third-party certified labels. Third-party certified labels (such as organic labels) can be

important tools that communicate premium product attributes and support honest

communication between marketers and consumers. Label copycatting involves

marketers’ deliberate use of unregulated labels that are visually similar to third-party

certified labels and, due to their similarity to third-party certified labels, confusing to

consumers. A combination of real-world observational data (i.e., data on bakery and

dairy products from two online supermarkets) and experimental data (i.e., behavioral

data from an online experiment) indicates that marketers copycat third-party certified

labels, which implies that copycat labels mislead consumers to believe that products

include third-party certified labels (i.e., an environmental alteration biases perceptual
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judgments in the context of label copycatting).

Paper 2 examines misinterpretation in the context of organic food. The

organic label makes a production-related claim unrelated to nutrition, and research does

not conclusively identify nutritional differences between organic and non-organic food.

Yet, consumers believe organic food is more nutritious. An observational study collects

and analyzes product data from a supermarket (i.e., a consumer environment) to

investigate if processed organic groceries are more nutritious than non-organic

alternatives, or if consumers misinterpret their environment. Comparing nutrition (i.e.,

energy, saturated fat, sugar, sodium, and protein) of 4,654 groceries, the paper shows

that the consumer belief – that organic food is more nutritious – is accurate.

Specifically, processed organic groceries are more nutritious across and within product

categories, which makes the organic label an ecologically valid cue for nutrition. That

is, the organic label can guide consumers toward nutritious options (i.e.,

misinterpretation does not bias perceptual judgments in the context of organic food).

Paper 3 examines whether perceptual judgments inform decision making in the

context of negative experiences. For instance, forgetting could prevent perceptual

judgments from informing decision making. Specifically, the paper examines the case of

experience duration. Duration is an important component that helps explain the total

pleasure or pain of an experience, but research typically finds that the duration of a

negative experience does not explain retrospective outcomes (such as the minimum

price to repeat or evaluations on a scale), suggesting duration is not important to

memory. The paper argues that this duration neglect, in part, may be a consequence of

certain experimental designs. In a two-part between-subjects study, where participants

have a negative experience with a duration of one to ten minutes, duration predicts
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retrospective outcomes, and sensitivity to duration does not change over a two-week

period (i.e., perceptual judgments inform decision making – also after a two-week delay

– in the context of negative experiences).

Together, the papers show that consumers’ perceptual judgments and decisions

reflect their environment. That is, consumers may maximize utility, when the

environment has not been altered, but consumers are susceptible to environmental

alterations. Specifically, consumers mistakenly believe products with copycat labels

include the copied labels (Paper 1), they correctly believe organic food is more

nutritious (Paper 2), and they do not neglect the duration of a negative experience in

the decision phase (Paper 3).
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Dansk resumé

Denne forskning omhandler forbrugeres opfattelser og beslutningstagning, og

resultaterne vedrører forbrugere, udbydere og lovgivere. Forbrugere opfatter deres

omgivelser, og de resulterende opfattelser kan præge deres beslutningstagning. Et mål

for forbrugere er at maksimere deres nytteværdi (dvs. at de træffer beslutninger, der

maksimerer deres goder). Sundhedsbevidste forbrugere ønsker eksempelvis at

identificere og konsumere sunde fødevarer, og de fleste forbrugere ønsker at tage del i

oplevelser, de finder fornøjelige – men er de i stand til dette?

Tre artikler undersøger situationer, hvor forbrugere eventuelt mislykkes at

maksimere deres nytteværdi. Forbrugere kan specifikt mislykkes at maksimere deres

nytteværdi på baggrund af følgende årsager: hvis en forandring af deres omgivelser

præger deres opfattelser (Artikel 1), hvis mistydning af deres omgivelser præger deres

opfattelser (Artikel 2), eller hvis opfattelser ikke præger beslutningstagningen

(Artikel 3).

Artikel 1 undersøger forandring af omgivelser i sammenhæng med

efterligningsmærker, der efterligner tredjepartscertificerede mærker.

Tredjepartscertificerede mærker (f.eks. økologiske mærker) kan være vigtige redskaber,

der kommunikerer kvalitetsegenskaber og støtter ærlig kommunikation mellem udbydere

og forbrugere. Efterligning af tredjepartscertificerede mærker indebærer, at udbydere

bevidst bruger uregulerede mærker, der ligner tredjepartscertificerede og forvirrer

forbrugere. En kombination af data fra et observationsstudium (produktinformation fra

to online supermarkeder) og data fra et online adfærdseksperiment indikerer, at

udbydere efterligner tredjepartscertificerede mærker, hvilket betyder, at forbrugere

forveksler efterligningsmærker med tredjepartscertificerede mærker – og tror at
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produkter med efterligningsmærker indeholder tredjepartscertificerede mærker (dvs. en

forandring af deres omgivelser præger deres opfattelser i denne sammenhæng).

Artikel 2 undersøger mistydning af omgivelser i sammenhæng med økologiske

fødevarer. Det økologiske mærke fremsætter en produktionsrelateret påstand ubeslægtet

næringsværdien af en fødevare, og forskning har ikke endegyldigt identificeret

næringsmæssige forskelle mellem økologiske og ikke-økologiske fødevarer. Alligevel tror

forbrugere, at økologiske fødevarer er mere næringsrige. Et observationsstudium

indsamler og analyserer produktinformation fra et supermarked for at undersøge, om

forarbejdede fødvarer er mere næringsrige end ikke-økologiske alternativer, eller om

forbrugere mistyder deres omgivelser. En sammenligning af næringsindholdet (dvs.

energi, mættet fedt, sukker, natrium og protein) af 4,654 fødevarer viser, at økologiske

fødevarer er mere næringsrige. Økologiske fødevarer er mere næringsrige på tværs af og

inden for produktkategorier, hvilket gør det økologiske mærke til et validt signal om

næring. Derfor kan det økologiske mærke dirigere forbrugere mod mere næringsrige

muligheder (dvs. forbrugere mistyder ikke deres omgivelser i denne sammenhæng).

Artikel 3 undersøger, om opfattelser præger beslutningstagningen i

sammenhæng med negative oplevelser. Glemsomhed kan eksempelvis forhindre

opfattelser i at præge beslutningstagning. Artiklen undersøger specifikt betydningen af

en oplevelses varighed. En oplevelses varighed hjælper med at forklare hvor fornøjelig

eller smertefuld en oplevelse er, men forskning viser typisk, at en oplevelses varighed

ikke påvirker personers tilbøjelighed til at gentage oplevelsen eller deres retrospektive

(dvs. tilbageskuende) vurdering af oplevelsen, hvilket indikerer, at varigheden ikke er

vigtig for erindringen. I artiklen argumenteres det, at det eksperimentelle design kan

påvirke, hvor vigtig en oplevelses varighed er. Artiklen inkluderer et eksperiment, hvor
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deltagere har en negativ oplevelse, der varer mellem et og ti minutter. Efterfølgende

(umiddelbart efter og op til fjorten dage senere) forlanger deltagere flere penge for at

gentage længere oplevelser, som de også vurderer er værre, hvorfor de ikke negligerer

negative oplevelsers varighed (dvs. opfattelser præger beslutningstagningen i denne

sammenhæng – også efter to uger).

Sammenholdt viser artiklerne, at forbrugeres opfattelser og beslutninger

reflekterer deres omgivelser. Det betyder, at forbrugere er i stand til at maksimere deres

nytteværdi, når deres omgivelser ikke er forandrede, men forbrugere er også påvirkelige

over for forandringer af deres omgivelser. Forbrugere tror specifikt, at produkter med

efterligningsmærker indeholder tredjepartscertificerede mærker (Artikel 1); det er

rigtigt, at økologiske fødevarer er mere næringsrige (Artikel 2); og negative oplevelsers

varighed præger deres beslutningstagning (Artikel 3).
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Introduction

A consumer environment (such as a supermarket) includes stimuli that

consumers must make sense of. Everyday, consumers perceive their environment, and

the resulting perceptual judgments shape what they feel, hear, and see. How consumers

perceive their environment is, in part, determined by their environment and, in part, by

cognitive sense-making processes (Gallagher et al., 2019), meaning two consumers may

perceive an environment differently. Importantly, consumers’ perceptual judgments may

inform their decision making. For instance, consumers prefer large product volumes

(Chandon & Ordabayeva, 2009), and perceptual volume judgments, therefore, provide

valuable information at the point of purchase. Consumers make perceptual judgments

that inform decision making within a variety of marketing contexts. In addition to

product volume (Folkes & Matta, 2004; Ordabayeva & Chandon, 2013; Raghubir &

Krishna, 1999; Wansink & van Ittersum, 2003), consumers, among other things, perceive

a product’s importance (Bloch & Richins, 1983), novelty (J. Kim & Lakshmanan, 2015),

and quality (Krishna, 2012; Steenkamp, 1990; Zeithaml, 1988), they perceive brand

(Dzyabura & Peres, 2021; Munn, 1960), including brand coolness (Warren & Campbell,

2014), extension fit (DelVecchio & Smith, 2005; H. Kim & John, 2008; Martin et al.,

2005; Smith & Andrews, 1995), and origin (Sichtmann & Diamantopoulos, 2013), they

perceive the number of calories in a food (Salerno & Sevilla, 2019; Schuldt & Schwarz,

2010), how healthy it is (Berry et al., 2017; Ditlevsen et al., 2019; Hagen, 2021; Ikonen

et al., 2019; Irmak et al., 2011) and how it tastes (Raghunathan et al., 2006).
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Figure 1

Conceptual framework

Note. Perceptual judgments are shaped by the environment and a consumer’s interpre-

tation of the environment. A consumer may maximize utility, if unbiased perceptual

judgments inform decision making. A consumer could, therefore, fail to maximize utility

for the following reasons: (1) an environmental alteration biases perceptual judgments,

(2) misinterpretation biases perceptual judgments, or (3) perceptual judgments do not

inform decision making.

Neoclassical economics assume that agents (such as consumers) are rational

and, therefore, utility maximizing (Kahneman & Snell, 1992; Kahneman et al., 1997).

That is, they allocate their resources in ways that maximize benefits for themselves.

This research investigates three situations in which consumers could fail to maximize

utility (Figure 1). Specifically, consumers could fail to maximize utility, if: (1) an

environmental alteration biases perceptual judgments (Paper 1), (2) misinterpretation

biases perceptual judgments (Paper 2), or (3) perceptual judgments do not inform

decision making (Paper 3). Each paper addresses one situation. For an overview of the

papers, see Table 1. In the following sections, I further elaborate on each situation and

describe how the papers help answer the following question: do consumers maximize

utility?
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Table 1

Overview of papers

1. Environment

First, consumers could fail to maximize utility, if an environmental alteration

biases their perceptual judgments (e.g., marketers may alter the environment to deceive

consumers). For instance, consumers infer product volume from perceived package size

(Chandon & Ordabayeva, 2009; Lennard et al., 2001). Package size is, in most contexts,

an ecologically valid cue for product volume, meaning accurate estimations of package

size cause accurate inferences about product volume (e.g., big nutshells tend to include

big nuts, and large cartons most likely contain large amounts of milk). This provides an

opportunity for marketers to alter the environment and potentially deceive consumers.

For instance, marketers could increase the package size relative to product volume (e.g.,

marketers may fill bags of potato chips with air; Wilkins et al., 2016). This
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environmental alteration could bias perceptual judgments and cause inaccurate

inferences about product volume and, hence, the price per unit.

Paper 1

Paper 1 specifically investigates the case of copycatting third-party certified

labels. Third-party certified labels (such as organic labels) can be important tools that

support honest communication between marketers and consumers. They are governed

by third-party institutions (e.g., NGOs, states, or trade associations) and guarantee

consumers that products meet, often, strict minimum requirements (e.g., that a crop

has been farmed without artificial chemicals). While third-party certified labels may

generate a value premium for the products that include the labels (e.g., consumers pay

price premiums for products with selected labels; De Pelsmacker et al., 2005; Katt &

Meixner, 2020), it might be too difficult or expensive to obtain third-party certification.

As an alternative, marketers can also copycat well-known third-party certified labels –

hoping consumers will confuse products that include copycat labels with products that

include third-party certified labels. Similarly, marketers already succeed in copying

themes and visual features of leading brands (Aribarg et al., 2014; ter Braak &

Deleersnyder, 2018; van Horen & Pieters, 2012a, 2012b; Warlop & Alba, 2004).

How do consumers interpret labels on a product, and why might consumers

confuse copycat labels with third-party certified labels? Consumers can only process a

fraction of the available visual information in detail, but they quickly perceive familiar

third-party certified labels on a product, even from the corner of their eyes (Perkovic

et al., 2022). Expectations play a role, when consumers interpret labels. Specifically,

expectations guide which information is processed in detail, and how information is
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interpreted (O’Callaghan et al., 2017; Summerfield & Egner, 2009; Summerfield &

de Lange, 2014). For instance, almost all Danish consumers are familiar with the

Danish organic label, which they can expect to find on many products

(Danish Agriculture & Food Council, 2017). Expecting the organic label, consumers

may perceive it on a product without processing the label in detail (Perkovic et al.,

2022), and their perceptual judgments (e.g., that a product includes the organic label)

guide inferences about a product’s attributes (e.g., that a product is organic).

While expectations help consumers interpret familiar third-party certified

labels, expectations make consumers susceptible to marketing manipulations.

Specifically, familiarity with and expectations of third-party certified labels may bias

perceptual judgments of visually similar labels. The paper investigates whether

marketers take advantage of this opportunity to copycat visual features of third-party

certified labels. If consumers confuse copycat labels with third-party certified labels,

they may purchase products based on false beliefs about important product attributes.

That is, consumers could fail to maximize utility.

Literature and methods. The paper builds on copycat literature. Brand

copycatting (i.e., copying elements of other brands) is a well-known marketing

phenomenon threatening leading brands (Aribarg et al., 2014; van Horen & Pieters,

2012a, 2012b; Warlop & Alba, 2004). The literature distinguishes two types of copycats:

theme-based and feature-based copycat brands. Theme-based copycat brands copy the

underlying meanings or themes (e.g., benefits, goals, or usage contexts), whereas

feature-based copycat brands imitate visual features of leading brands (e.g., colors,

shapes, or sizes; Miceli & Pieters, 2010; van Horen & Pieters, 2012a). Feature-based

copycat brands are defined as visually similar to leading brands (Miceli & Pieters, 2010;
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Satomura et al., 2014; van Horen & Pieters, 2012b), as used deliberately

(Coelho do Vale & Verga Matos, 2015; Kelting et al., 2019; ter Braak & Deleersnyder,

2018; van Horen & Pieters, 2013), and as confusing to consumers (Kapferer, 1995;

Satomura et al., 2014). The paper is concerned with feature-based copycats. Applying

the definition of feature-based copycat brands in the context of labels, the paper defines

feature-based copycat labels as visually similar to third-party certified labels, as used

deliberately, and as confusing to consumers.

Investigating whether marketers copycat third-party certified labels (i.e.,

whether they deliberately use labels that are visually similar to third-party certified

labels and confusing to consumers), the paper uses a combination of real-world

observational data (i.e., data on bakery and dairy products from two online

supermarkets) and experimental data (i.e., behavioral data from an online experiment).

First, we identify labels that are unregulated (i.e., not governed by a third-party

institution) and visually similar to third-party certified labels as presumed copycat

labels. Second, we test whether presumed copycat labels distribute in non-random ways

that indicate they are used deliberately. Third, we sample relevant products and assess

whether participants can distinguish between copycat and third-party certified labels

from rapidly flashed (0.3 s) product images. Participants respond whether or not a

product includes a third-party certified label in a forced choice classification paradigm.

In addition to participants’ final responses, we develop a novel mouse cursor-tracking

methodology to better understand how cognitive processing evolves over time and how

multiple processes may drive the final response. Together, these analyses reveal whether

marketers copycat third-party certified labels – and whether an environmental alteration

biases perceptual judgments, potentially making consumers fail to maximize utility.
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2. Interpretation

Second, consumers could fail to maximize utility, if misinterpretation biases

their perceptual judgments. That is, cognitive processing could bias perceptual

judgments (even when the environment has not been altered). For example, consumers

could misinterpret information or ignore important information. A typical supermarket

includes more than 40,000 products (Reutskaja et al., 2011), and consumers typically

only spend between 0.36 s and 0.55 s attending to each product in a category (Gidlöf

et al., 2013). Therefore, consumers do not have time to process all information in detail.

Instead, simple cues could guide their perceptual judgments. For instance, consumers

learn statistical regularities in environments through observation (Conway &

Christiansen, 2006; Perruchet & Pacton, 2006; Thiessen et al., 2013). If local food

regularly is healthy, and expensive products regularly are high quality, consumers may

learn to infer healthiness from origin (Feldmann & Hamm, 2015) and quality from price

(Rao, 2005; Stafford & Enis, 1969; Zeithaml, 1988), but origin and price may not

necessarily be ecologically valid cues in other environments (Perkovic & Orquin, 2018).

Hence, local food may be healthier in one geographical market (e.g., in a country that

primarily produces vegetables), but not in another (e.g., in a country that primarily

produces pork). Similarly, expensive products may be high quality compared to

inexpensive products in most (Tellis & Wernerfelt, 1987), but not all product categories

(e.g., wine; Goldstein et al., 2008).

Paper 2

Paper 2 specifically investigates the case of organic food. The organic label

makes a production-related claim unrelated to nutrition, yet consumers believe organic
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food is healthier, includes fewer harmful chemicals, and is more nutritious (Ditlevsen

et al., 2019; Hoefkens et al., 2009; Hughner et al., 2007; Lee et al., 2013; Schuldt &

Schwarz, 2010; Singh & Verma, 2017). Perkovic and Orquin (2018) argue that

consumers have learned that organic food is healthier, because organic groceries (i.e., a

supermarket’s foodstuffs) tend to be be from healthy categories (i.e., healthy

unprocessed groceries are often organic).

While organic groceries might be healthier across categories (Perkovic &

Orquin, 2018), the paper investigates if organic groceries also are healthier (specifically

if they are more nutritious) within categories. In other words, are organic groceries

more nutritious than their non-organic substitutes? If this is the case, this would make

the organic label an ecologically valid cue for nutrition that can guide consumers toward

nutritious food products. Otherwise, consumers could purchase food products based on

false beliefs about health and nutrition. That is, consumers could fail to maximize

utility.

Literature and methods. Controlled studies do not conclusively identify

differences in micro-nutrition (such as minerals and vitamins) or macro-nutrition (such

as carbohydrates and protein) between organic and non-organic food (for reviews, see

Dangour et al., 2010; Magkos et al., 2003; Smith-Spangler et al., 2012), but the food

products they analyze do not reflect all the food products consumers purchase and

consume. In particular, controlled studies typically analyze unprocessed food (such as

plums or potatoes; Smith-Spangler et al., 2012), but a supermarket also includes

processed food (such as jam and potato chips). Potatoes are relatively healthy and

sometimes organic, and potato chips are typically neither, meaning organic groceries

tend to be healthier across categories. While consumers do not decide between potatoes
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and chips, they use the organic label as a health cue, when they identify healthy food

within a category (Perkovic & Orquin, 2018), and health is an important motivation for

organic consumption (Ditlevsen et al., 2019). But does the organic label help them

make healthier choices (when they decide between products from the same category)?

Investigating whether organic groceries are more nutritious (i.e., investigating

whether there is a relationship between groceries being organic and them being

nutritious), the paper collects and analyzes observational data (i.e., product data from

an online supermarket). The paper computes a modified Nutri-Score (Chantal &

Hercberg, 2017; French Public Health Agency, 2021) for every product (using a

product’s levels of energy, saturated fat, sugar, sodium, and protein), and investigates

whether organic groceries receive better Nutri-Scores than non-organic groceries. The

paper introduces category as a random effect in linear mixed models to investigate

whether organic groceries are more nutritious than non-organic groceries from the same

category (i.e., whether the organic label is an ecologically valid cue for nutrition). If

not, the perceptual judgment – that organic food is more nutritious – would be biased,

which could make consumers fail to maximize utility.

3. Informing decision making

Third, consumers could fail to maximize utility, if perceptual judgments do not

inform decision making. That is, consumers could ignore perceptual judgments in the

decision phase, for instance due to memory distortion. Research shows that memory

recall is a reconstructive process, which creates distortion (Bernstein & Loftus, 2009;

Loftus, 2004; Schacter et al., 2011; Schacter & Slotnick, 2004). That is, memories are

not exact representations of the past (Heaps & Nash, 2001; Hyman Jr et al., 1995;
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Loftus, 2005; Loftus & Pickrell, 1995; Porter et al., 1999), meaning experiencing and

remembering are different in nature. In the decision phase, consumers do not rely on

their actual past experiences, but on their memories of past experiences (Alba &

Williams, 2013; Cowley, 2007). This distinction between experiencing and remembering

has also been illustrated with different definitions of utility.

Kahneman et al. (1997) distinguish between decision utility and experienced

utility. Decision utility is inferred from choice and describes how people perceive

prospective outcomes. Experienced utility encompasses the concepts of instant and

remembered utility. Instant utility reflects how people experience outcomes, and

remembered utility reflects how people remember outcomes. That is, every moment has

some utility (i.e., instant utility). Considering a collection of moments (i.e., an

experience), the sum of their utility equals total utility (Kahneman et al., 1997; Read,

2007). Bentham (1823) describes that the value of a pleasure or pain, among other

things, will be greater or less according to its intensity and duration, and Kahneman

et al. (1993), likewise, estimate total pain as a function of its intensity and duration.

Similarly, in the essay Books v. Cigarettes, Orwell (1946) examines the value of leisure

activities in terms of their costs per hour, but he also reckons that, while books might

cost the same, some books become part of the furniture of one’s mind, while others are

quickly forgotten – and research shows that decision makers do not maximize total

utility (e.g., minimize total pain; Kahneman et al., 1993). Instead, they maximize

remembered utility, which describes the memory of past pleasures and pains (Berridge

& O’Doherty, 2014; Finn & Miele, 2016; Fredrickson, 2000; Kahneman, 2000;

Kahneman et al., 1993; Kahneman et al., 1997; Read, 2007; Redelmeier et al., 2003).

That is, remembered utility, and not total utility, is reflected in decision utility (i.e.,
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past perceptual judgments may not inform decision making).

Paper 3

Paper 3 specifically investigates the case of the duration of a negative

experience. While the duration of an experience is an important component that helps

explain total utility (Bentham, 1823; Kahneman et al., 1993; Kahneman et al., 1997),

research shows that the duration of an experience may not be important to remembered

utility (i.e., summary evaluations) or decision utility (i.e., judgment and decision

making outcomes; Fredrickson, 2000; Kahneman, 2000), indicating people fail to

maximize (expected) total utility. Instead, people base evaluations or decisions on a few

snapshot moments from an experience (such as peak and end moments; Fredrickson,

2000; Fredrickson & Kahneman, 1993; Kahneman, 2000; Kahneman et al., 1993). The

paper investigates whether the duration of an experience may be more important than

previously assumed. Specifically, it investigates if the duration plays a role when

participants evaluate and consider repeating a negative experience over a two-week

period. If not, consumers could fail to maximize (total) utility.

Literature and methods. While the decision to engage in a similar

experience may occur long after the original experience, research focuses on

retrospective outcomes (such as the minimum price to repeat and evaluations on a

scale) directly after experiencing (Strijbosch et al., 2019). Further, research finds that

people neglect the duration of past experiences, but only few studies manipulate

duration alone, and the paper argues that duration neglect, in part, may be a

consequence of certain experimental designs. Specifically, within-subjects experimental

designs (where participants have more than one experience in the same experimental
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session) may introduce duration neglect. Specifically, having more than one experience

in the same session can bias the perception of duration (Moon et al., 2015), and

memories of experiences may interfere with one another (Chrobak et al., 2008).

Addressing these issues, the paper uses a two-part between-subjects

experimental design to study the importance of the duration of a negative experience on

retrospective outcomes. It manipulates experience duration (between one and ten

minutes) and measures retrospective outcomes directly after experiencing and at a

random time up to two weeks later. It is important to study decision making after a

prolonged delay, since forgetting could prevent past perceptual judgments from

informing decision making. If duration is not reflected in retrospective outcomes,

consumers could fail to maximize (total) utility.
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Conclusion

Three papers help answer the question do consumers maximize utility?

Together, the papers show that consumers may maximize utility, when their

environment has not been altered, but that they are susceptible to environmental

alterations. That is, consumers’ perceptual judgments and decision making reflect their

environment. The introduction explains that consumers could fail to maximize utility

for the following reasons: (1) an environmental alteration biases their perceptual

judgments (Paper 1 shows that consumers perceive that products with copycat labels

include the copied labels, which could make them purchase products based on false

beliefs about important product attributes), (2) misinterpretation biases their

perceptual judgments (Paper 2 shows that the consumer belief – that organic food is

more nutritious – is accurate, since processed organic groceries are more nutritious than

non-organic alternatives), or (3) their perceptual judgments do not inform decision

making (Paper 3 shows that the duration of a past negative experience influences

consumers in the decision phase, indicating past perceptual judgments inform decision

making). In the following, I will elaborate on the conclusions and contributions of each

paper.

Paper 1 shows that marketers likely copycat third-party certified labels, which

signifies that marketers deliberately use unregulated labels that are visually similar to

third-party certified labels and confusing to consumers. The paper shows that

consumers mistakenly believe products with these copycat labels include the copied

third-party certified labels (i.e., an environmental alteration biases their perceptual

judgments in the context of label copycatting).

An observational study indicates that marketers deliberately use labels that

13



are visually similar to third-party certified labels. An experimental forced choice

classification paradigm shows that participants confuse these labels with the copied

third-party certified labels. That is, participants easily evaluate if products without

copycat labels include third-party certified labels from rapidly flashed (0.3 s) product

images, but they often cannot distinguish between copycat and third-party certified

labels, believing products with copycat labels include the copied third-party certified

labels. Even when they correctly respond that a product does not include a third-party

certified label, their mouse cursor movements reveal confusion due to copycat labels.

Specifically, mouse cursor movements suggest that participants initially confuse copycat

labels, because they automatically process products, perceiving copycat labels as the

copied third-party certified labels. This initial bias can be corrected by subsequent

deliberate processing.

The results show a new direction for research on label copycatting and its

consequences for marketers and consumers. Copycatting could hurt products with

third-party certified labels, if consumers’ confusion shifts a part of sales to products

with copycat labels. Copycatting could hurt consumers, if they purchase products based

on false beliefs about important attributes. For instance, consumers might erroneously

buy non-organic milk – believing it is organic – and thereby fail to maximize utility.

Therefore, copycat labels potentially constitute a threat to consumer welfare and

society, and regulation might be required to protect consumers and third-party certified

labels from copycatting practices.

Paper 2 shows that processed organic groceries are more nutritious than

processed non-organic groceries across and within product categories. Therefore, the

consumer belief – that organic food is more nutritious – is accurate (i.e.,

14



misinterpretation does not bias consumers’ perceptual judgments in the context of

organic food).

Consumers learn statistical regularities in environments through observation,

and consumers may have learned that organic food is healthier, because organic

groceries tend to be from healthy categories. Since consumers decide between options

from the same category, it is necessary to investigate if organic groceries are more

nutritious within categories. An observational web-scraping study compares nutrition of

4,654 processed groceries and shows that organic groceries are more nutritious (and

therefore healthier) across and within categories.

The results show that the organic label is an ecologically valid cue for

nutrition that can guide consumers toward nutritious options, helping them to

maximize utility. Likely, two reasons help explain why processed organic groceries are

more nutritious than non-organic alternatives. First, it may be easier to organically

certify (nutritious) groceries comprising fewer ingredients (counting additives). Second,

organic consumers are concerned with nutrition, and food marketers use knowledge of

consumers to develop and market their products.

Paper 3 shows that the duration of a negative experience influences

retrospective outcomes (i.e., the minimum price to repeat and evaluations on a scale) –

both directly after experiencing and after a delay of one to fourteen days (i.e., past

perceptual judgments inform decision making in the context of a negative experience).

Duration is an important component that helps explain total utility (i.e., the

total pleasure or pain of an experience). That is, experiencing a long painful operation

is worse than experiencing a shorter variant, but most studies find or assume that

duration does not influence retrospective evaluations or decisions, and this insensitivity

15



to duration has produced the term duration neglect.

Nevertheless, results from an experimental two-part between-subjects study

indicate that the duration of a negative experience may be more important than

previously assumed. In the study, participants required more money for repeating

longer experiences, which they also evaluated as worse, and this sensitivity to duration

did not change over a two-week period. Therefore, consumers may not fail to maximize

utility – not even after a prolonged delay.

16



References

Alba, J. W., & Williams, E. F. (2013). Pleasure principles: A review of research on

hedonic consumption. Journal of Consumer Psychology, 23 (1), 2–18.

https://doi.org/10.1016/j.jcps.2012.07.003

Aribarg, A., Arora, N., Henderson, T., & Kim, Y. (2014). Private label imitation of a

national brand: Implications for consumer choice and law. Journal of Marketing

Research, 51 (6), 657–675. https://doi.org/10.1509/jmr.13.0420

Bentham, J. (1823). An introduction to the principles of morals and legislation (a new

edition, corrected by the author). Oxford: Clarendon Press.

https://www.econlib.org/library/Bentham/bnthPML.html

Bernstein, D. M., & Loftus, E. F. (2009). How to tell if a particular memory is true or

false. Perspectives on Psychological Science, 4 (4), 370–374.

https://doi.org/10.1111/j.1745-6924.2009.01140.x

Berridge, K. C., & O’Doherty, J. P. (2014). From experienced utility to decision utility.

In P. W. Glimcher & E. Fehr (Eds.), Neuroeconomics (second edition)

(pp. 335–351). Academic Press.

https://doi.org/10.1016/B978-0-12-416008-8.00018-8

Berry, C., Burton, S., & Howlett, E. (2017). It’s only natural: The mediating impact of

consumers’ attribute inferences on the relationships between product claims,

perceived product healthfulness, and purchase intentions. Journal of the

Academy of Marketing Science, 45 (5), 698–719.

https://doi.org/10.1007/s11747-016-0511-8

17

https://doi.org/10.1016/j.jcps.2012.07.003
https://doi.org/10.1509/jmr.13.0420
https://www.econlib.org/library/Bentham/bnthPML.html
https://doi.org/10.1111/j.1745-6924.2009.01140.x
https://doi.org/10.1016/B978-0-12-416008-8.00018-8
https://doi.org/10.1007/s11747-016-0511-8


Bloch, P. H., & Richins, M. L. (1983). A theoretical model for the study of product

importance perceptions. Journal of Marketing, 47 (3), 69–81.

https://doi.org/10.1177/002224298304700308

Chandon, P., & Ordabayeva, N. (2009). Supersize in one dimension, downsize in three

dimensions: Effects of spatial dimensionality on size perceptions and preferences.

Journal of Marketing Research, 46 (6), 739–753.

https://doi.org/10.1509/jmkr.46.6.739

Chantal, J., & Hercberg, S. (2017). Development of a new front-of-pack nutrition label

in france: The five-colour nutri-score. Public health panorama, 03 (04), 712–725.

https://apps.who.int/iris/handle/10665/325207

Chrobak, J. J., Hinman, J. R., & Sabolek, H. R. (2008). Revealing past memories:

Proactive interference and ketamine-induced memory deficits. The Journal of

Neuroscience, 28 (17), 4512–4520.

https://doi.org/10.1523/JNEUROSCI.0742-07.2008

Coelho do Vale, R., & Verga Matos, P. (2015). The impact of copycat packaging

strategies on the adoption of private labels. Journal of Product & Brand

Management, 24 (6), 646–659. https://doi.org/10.1108/JPBM-03-2015-0846

Conway, C. M., & Christiansen, M. H. (2006). Statistical learning within and between

modalities: Pitting abstract against stimulus-specific representations.

Psychological Science, 17 (10), 905–12.

https://doi.org/10.1111/j.1467-9280.2006.01801.x

Cowley, E. (2007). How enjoyable was it? remembering an affective reaction to a

previous consumption experience. Journal of Consumer Research, 34 (4).

https://doi.org/10.1086/520072

18

https://doi.org/10.1177/002224298304700308
https://doi.org/10.1509/jmkr.46.6.739
https://apps.who.int/iris/handle/10665/325207
https://doi.org/10.1523/JNEUROSCI.0742-07.2008
https://doi.org/10.1108/JPBM-03-2015-0846
https://doi.org/10.1111/j.1467-9280.2006.01801.x
https://doi.org/10.1086/520072


Dangour, A. D., Lock, K., Hayter, A., Aikenhead, A., Allen, E., & Uauy, R. (2010).

Nutrition-related health effects of organic foods: A systematic review. The

American Journal of Clinical Nutrition, 92 (1), 203–10.

https://doi.org/10.3945/ajcn.2010.29269

Danish Agriculture & Food Council. (2017). Danskerne stoler mest på det røde ø-mærke.

Retrieved August 25, 2021, from https://lf.dk/viden-om/oekologi/nyheder-om-

okologi/2017/danskerne-stoler-mest-paa-det-roede-oe-maerke

De Pelsmacker, P., Driesen, L., & Rayp, G. (2005). Do consumers care about ethics?

willingness to pay for fair-trade coffee. Journal of Consumer Affairs, 39 (2),

363–385. https://doi.org/10.1111/j.1745-6606.2005.00019.x

DelVecchio, D., & Smith, D. C. (2005). Brand-extension price premiums: The effects of

perceived fit and extension product category risk. Journal of the Academy of

Marketing Science, 33 (2), 184–196. https://doi.org/10.1177/0092070304269753

Ditlevsen, K., Sandøe, P., & Lassen, J. (2019). Healthy food is nutritious, but organic

food is healthy because it is pure: The negotiation of healthy food choices by

danish consumers of organic food. Food Quality and Preference, 71, 46–53.

https://doi.org/10.1016/j.foodqual.2018.06.001

Dzyabura, D., & Peres, R. (2021). Visual elicitation of brand perception. Journal of

Marketing, 85 (4), 44–66. https://doi.org/10.1177/0022242921996661

Feldmann, C., & Hamm, U. (2015). Consumers’ perceptions and preferences for local

food: A review. Food Quality and Preference, 40, 152–164.

https://doi.org/10.1016/j.foodqual.2014.09.014

19

https://doi.org/10.3945/ajcn.2010.29269
https://lf.dk/viden-om/oekologi/nyheder-om-okologi/2017/danskerne-stoler-mest-paa-det-roede-oe-maerke
https://lf.dk/viden-om/oekologi/nyheder-om-okologi/2017/danskerne-stoler-mest-paa-det-roede-oe-maerke
https://doi.org/10.1111/j.1745-6606.2005.00019.x
https://doi.org/10.1177/0092070304269753
https://doi.org/10.1016/j.foodqual.2018.06.001
https://doi.org/10.1177/0022242921996661
https://doi.org/10.1016/j.foodqual.2014.09.014


Finn, B., & Miele, D. B. (2016). Hitting a high note on math tests: Remembered success

influences test preferences. Journal of Experimental Psychology: Learning,

Memory, and Cognition, 42 (1), 17–38. https://doi.org/10.1037/xlm0000150

Folkes, V., & Matta, S. (2004). The effect of package shape on consumers’ judgments of

product volume: Attention as a mental contaminant. Journal of Consumer

Research, 31 (2), 390–401. https://doi.org/10.1086/422117

Fredrickson, B. L. (2000). Extracting meaning from past affective experiences: The

importance of peaks, ends, and specific emotions. Cognition and Emotion, 14 (4),

577–606. https://doi.org/10.1080/026999300402808

Fredrickson, B. L., & Kahneman, D. (1993). Duration neglect in retrospective

evaluations of affective episodes. Journal of Personality and Social Psychology,

65 (1), 45–55. https://doi.org/10.1037/0022-3514.65.1.45

French Public Health Agency. (2021). Nutri-score frequently asked questions. Retrieved

November 18, 2021, from

https://www.santepubliquefrance.fr/content/download/150263/file/2021_07_

21_QR_scientifique_et_technique_V41_EN.pdf

Gallagher, R. M., Suddendorf, T., & Arnold, D. H. (2019). Confidence as a diagnostic

tool for perceptual aftereffects. Scientific Reports, 9 (1), 7124.

https://doi.org/10.1038/s41598-019-43170-1

Gidlöf, K., Wallin, A., Dewhurst, R., & Holmqvist, K. (2013). Using eye tracking to

trace a cognitive process: Gaze behaviour during decision making in a natural

environment. Journal of Eye Movement Research, 6 (1), 1–14.

https://doi.org/10.16910/jemr.6.1.3

20

https://doi.org/10.1037/xlm0000150
https://doi.org/10.1086/422117
https://doi.org/10.1080/026999300402808
https://doi.org/10.1037/0022-3514.65.1.45
https://www.santepubliquefrance.fr/content/download/150263/file/2021_07_21_QR_scientifique_et_technique_V41_EN.pdf
https://www.santepubliquefrance.fr/content/download/150263/file/2021_07_21_QR_scientifique_et_technique_V41_EN.pdf
https://doi.org/10.1038/s41598-019-43170-1
https://doi.org/10.16910/jemr.6.1.3


Goldstein, R., Almenberg, J., Dreber, A., Emerson, J. W., Herschkowitsch, A., &

Katz, J. (2008). Do more expensive wines taste better? evidence from a large

sample of blind tastings. Journal of Wine Economics, 3 (1), 1–9.

https://doi.org/10.1017/S1931436100000523

Hagen, L. (2021). Pretty healthy food: How and when aesthetics enhance perceived

healthiness. Journal of Marketing, 85 (2), 129–145.

https://doi.org/10.1177/0022242920944384

Heaps, C. M., & Nash, M. (2001). Comparing recollective experience in true and false

autobiographical memories. Journal of Experimental Psychology: Learning,

Memory, and Cognition, 27 (4), 920. https://doi.org/10.1037/0278-7393.27.4.920

Hoefkens, C., Verbeke, W., Aertsens, J., Mondelaers, K., & Van Camp, J. (2009). The

nutritional and toxicological value of organic vegetables. British Food Journal,

111 (10), 1062–1077. https://doi.org/10.1108/00070700920992916

Hughner, R. S., McDonagh, P., Prothero, A., Shultz, C. J., & Stanton, J. (2007). Who

are organic food consumers? a compilation and review of why people purchase

organic food. Journal of Consumer Behaviour, 6 (2-3), 94–110.

https://doi.org/10.1002/cb.210

Hyman Jr, I. E., Husband, T. H., & Billings, F. J. (1995). False memories of childhood

experiences. Applied Cognitive Psychology, 9 (3), 181–197.

Ikonen, I., Sotgiu, F., Aydinli, A., & Verlegh, P. W. J. (2019). Consumer effects of

front-of-package nutrition labeling: An interdisciplinary meta-analysis. Journal

of the Academy of Marketing Science, 48 (3), 360–383.

https://doi.org/10.1007/s11747-019-00663-9

21

https://doi.org/10.1017/S1931436100000523
https://doi.org/10.1177/0022242920944384
https://doi.org/10.1037/0278-7393.27.4.920
https://doi.org/10.1108/00070700920992916
https://doi.org/10.1002/cb.210
https://doi.org/10.1007/s11747-019-00663-9


Irmak, C., Vallen, B., & Robinson, S. R. (2011). The impact of product name on

dieters’ and nondieters’ food evaluations and consumption. Journal of Consumer

Research, 38 (2), 390–405. https://doi.org/10.1086/660044

Kahneman, D. (2000). Evaluation by moments: Past and future. In D. Kahneman &

A. Tversky (Eds.), Choices, values and frames (pp. 693–708). Cambridge

University Press.

Kahneman, D., Fredrickson, B. L., Schreiber, C. A., & Redelmeier, D. A. (1993). When

more pain is preferred to less: Adding a better end. Psychological Science, 4 (6),

401–405. https://doi.org/10.1111/j.1467-9280.1993.tb00589.x

Kahneman, D., & Snell, J. S. (1992). Predicting a changing taste: Do people know what

they will like? Journal of Behavioral Decision Making, 5 (3), 187–200.

https://doi.org/10.1002/bdm.3960050304

Kahneman, D., Wakker, P. P., & Sarin, R. (1997). Back to bentham? explorations of

experienced utility. The Quarterly Journal of Economics, 112 (2), 375–405.

https://doi.org/10.1162/003355397555235

Kapferer, J.-N. (1995). Brand confusion: Empirical study of a legal concept. Psychology

& Marketing, 12 (6), 551–568. https://doi.org/10.1002/mar.4220120607

Katt, F., & Meixner, O. (2020). A systematic review of drivers influencing consumer

willingness to pay for organic food. Trends in Food Science & Technology, 100,

374–388. https://doi.org/10.1016/j.tifs.2020.04.029

Kelting, K., Berry, C., & van Horen, F. (2019). The presence of copycat private labels

in a product set increases consumers’ choice ease when shopping with an

abstract mindset. Journal of Business Research, 99, 264–274.

https://doi.org/10.1016/j.jbusres.2019.02.068

22

https://doi.org/10.1086/660044
https://doi.org/10.1111/j.1467-9280.1993.tb00589.x
https://doi.org/10.1002/bdm.3960050304
https://doi.org/10.1162/003355397555235
https://doi.org/10.1002/mar.4220120607
https://doi.org/10.1016/j.tifs.2020.04.029
https://doi.org/10.1016/j.jbusres.2019.02.068


Kim, H., & John, D. R. (2008). Consumer response to brand extensions: Construal level

as a moderator of the importance of perceived fit. Journal of Consumer

Psychology, 18 (2), 116–126. https://doi.org/10.1016/j.jcps.2008.01.006

Kim, J., & Lakshmanan, A. (2015). How kinetic property shapes novelty perceptions.

Journal of Marketing, 79 (6), 94–111. https://doi.org/10.1509/jm.14.0284

Krishna, A. (2012). An integrative review of sensory marketing: Engaging the senses to

affect perception, judgment and behavior. Journal of Consumer Psychology,

22 (3), 332–351. https://doi.org/10.1016/j.jcps.2011.08.003

Lee, W.-c. J., Shimizu, M., Kniffin, K. M., & Wansink, B. (2013). You taste what you

see: Do organic labels bias taste perceptions? Food Quality and Preference,

29 (1), 33–39. https://doi.org/10.1016/j.foodqual.2013.01.010

Lennard, D., Mitchell, V.-W., McGoldrick, P., & Betts, E. (2001). Why consumers

under-use food quantity indicators. The International Review of Retail,

Distribution and Consumer Research, 11 (2), 177–199.

https://doi.org/10.1080/09593960122918

Loftus, E. F. (2004). Memories of things unseen. Current Directions in Psychological

Science, 13 (4), 145–147. https://doi.org/10.1111/j.0963-7214.2004.00294.x

Loftus, E. F. (2005). Planting misinformation in the human mind: A 30-year

investigation of the malleability of memory. Learning & memory, 12 (4),

361–366. https://doi.org/10.1101/lm.94705

Loftus, E. F., & Pickrell, J. E. (1995). The formation of false memories. Psychiatric

Annals, 25 (12), 720–725. https://doi.org/10.3928/0048-5713-19951201-07

23

https://doi.org/10.1016/j.jcps.2008.01.006
https://doi.org/10.1509/jm.14.0284
https://doi.org/10.1016/j.jcps.2011.08.003
https://doi.org/10.1016/j.foodqual.2013.01.010
https://doi.org/10.1080/09593960122918
https://doi.org/10.1111/j.0963-7214.2004.00294.x
https://doi.org/10.1101/lm.94705
https://doi.org/10.3928/0048-5713-19951201-07


Magkos, F., Arvaniti, F., & Zampelas, A. (2003). Organic food: Nutritious food or food

for thought? a review of the evidence. International Journal of Food Sciences

and Nutrition, 54 (5), 357–71. https://doi.org/10.1080/09637480120092071

Martin, I. M., Stewart, D. W., & Matta, S. (2005). Branding strategies, marketing

communication, and perceived brand meaning: The transfer of purposive,

goal-oriented brand meaning to brand extensions. Journal of the Academy of

Marketing Science, 33 (3), 275–294. https://doi.org/10.1177/0092070304271197

Miceli, G., & Pieters, R. (2010). Looking more or less alike: Determinants of perceived

visual similarity between copycat and leading brands. Journal of Business

Research, 63 (11), 1121–1128. https://doi.org/10.1016/j.jbusres.2009.10.007

Moon, J. A., Fincham, J. M., Betts, S., & Anderson, J. R. (2015). End effects and

cross-dimensional interference in identification of time and length: Evidence for a

common memory mechanism. Cognitive, Affective, & Behavioral Neuroscience,

15 (3), 680–695. https://doi.org/10.3758/s13415-015-0348-5

Munn, H. L. (1960). Brand perception as related to age, income, and education. Journal

of Marketing, 24 (3), 29–34. https://doi.org/10.1177/002224296002400305

O’Callaghan, C., Kveraga, K., Shine, J. M., Adams, J., R. B., & Bar, M. (2017).

Predictions penetrate perception: Converging insights from brain, behaviour and

disorder. Consciousness and Cognition, 47, 63–74.

https://doi.org/10.1016/j.concog.2016.05.003

Ordabayeva, N., & Chandon, P. (2013). Predicting and managing consumers’ package

size impressions. Journal of Marketing, 77 (5), 123–137.

https://doi.org/10.1509/jm.12.0228

Orwell, G. (1946). Books v. cigarettes. Tribune, February 8, 1946.

24

https://doi.org/10.1080/09637480120092071
https://doi.org/10.1177/0092070304271197
https://doi.org/10.1016/j.jbusres.2009.10.007
https://doi.org/10.3758/s13415-015-0348-5
https://doi.org/10.1177/002224296002400305
https://doi.org/10.1016/j.concog.2016.05.003
https://doi.org/10.1509/jm.12.0228


Perkovic, S., & Orquin, J. L. (2018). Implicit statistical learning in real-world

environments leads to ecologically rational decision making. Psychological

Science, 29 (1), 34–44. https://doi.org/10.1177/0956797617733831

Perkovic, S., Schoemann, M., Lagerkvist, C. J., & Orquin, J. L. (2022). Covert attention

leads to fast and accurate decision-making. Journal of Experimental Psychology:

Applied, Advance online publication. https://doi.org/10.1037/xap0000425

Perruchet, P., & Pacton, S. (2006). Implicit learning and statistical learning: One

phenomenon, two approaches. Trends in Cognitive Sciences, 10 (5), 233–238.

https://doi.org/10.1016/j.tics.2006.03.006

Porter, S., Yuille, J. C., & Lehman, D. R. (1999). The nature of real, implanted, and

fabricated memories for emotional childhood events: Implications for the

recovered memory debate. Law and Human Behavior, 23 (5), 517–537.

https://doi.org/10.1023/a:1022344128649

Raghubir, P., & Krishna, A. (1999). Vital dimensions in volume perception: Can the eye

fool the stomach? Journal of Marketing research, 36 (3), 313–326.

https://doi.org/10.1177/002224379903600302

Raghunathan, R., Naylor, R. W., & Hoyer, W. D. (2006). The unhealthy = tasty

intuition and its effects on taste inferences, enjoyment, and choice of food

products. Journal of Marketing, 70 (4), 170–184.

https://doi.org/10.1509/jmkg.70.4.170

Rao, A. R. (2005). The quality of price as a quality cue. Journal of Marketing Research,

42 (4), 401–405. https://doi.org/10.1509/jmkr.2005.42.4.401

25

https://doi.org/10.1177/0956797617733831
https://doi.org/10.1037/xap0000425
https://doi.org/10.1016/j.tics.2006.03.006
https://doi.org/10.1023/a:1022344128649
https://doi.org/10.1177/002224379903600302
https://doi.org/10.1509/jmkg.70.4.170
https://doi.org/10.1509/jmkr.2005.42.4.401


Read, D. (2007). Experienced utility: Utility theory from jeremy bentham to daniel

kahneman. Thinking & Reasoning, 13 (1), 45–61.

https://doi.org/10.1080/13546780600872627

Redelmeier, D. A., Katz, J., & Kahneman, D. (2003). Memories of colonoscopy: A

randomized trial. Pain, 104 (1), 187–194.

https://doi.org/10.1016/S0304-3959(03)00003-4

Reutskaja, E., Nagel, R., Camerer, C. F., & Rangel, A. (2011). Search dynamics in

consumer choice under time pressure: An eye-tracking study. American

Economic Review, 101 (2), 900–926. https://doi.org/10.1257/aer.101.2.900

Salerno, A., & Sevilla, J. (2019). Scarce foods are perceived as having more calories.

Journal of Consumer Psychology, 29 (3), 472–482.

https://doi.org/10.1002/jcpy.1090

Satomura, T., Wedel, M., & Pieters, R. (2014). Copy alert: A method and metric to

detect visual copycat brands. Journal of Marketing Research, 51, 1–13.

https://doi.org/10.1509/jmr.11.0467

Schacter, D. L., Guerin, S. A., & St Jacques, P. L. (2011). Memory distortion: An

adaptive perspective. Trends in Cognitive Sciences, 15 (10), 467–474.

https://doi.org/10.1016/j.tics.2011.08.004

Schacter, D. L., & Slotnick, S. D. (2004). The cognitive neuroscience of memory

distortion. Neuron, 44 (1), 149–160. https://doi.org/10.1016/j.neuron.2004.08.017

Schuldt, J. P., & Schwarz, N. (2010). The "organic" path to obesity? organic claims

influence calorie judgments and exercise recommendations. Judgment and

Decision making, 5 (3), 144. http://journal.sjdm.org/10/10509/jdm10509.pdf

26

https://doi.org/10.1080/13546780600872627
https://doi.org/10.1016/S0304-3959(03)00003-4
https://doi.org/10.1257/aer.101.2.900
https://doi.org/10.1002/jcpy.1090
https://doi.org/10.1509/jmr.11.0467
https://doi.org/10.1016/j.tics.2011.08.004
https://doi.org/10.1016/j.neuron.2004.08.017
http://journal.sjdm.org/10/10509/jdm10509.pdf


Sichtmann, C., & Diamantopoulos, A. (2013). The impact of perceived brand

globalness, brand origin image, and brand origin–extension fit on brand

extension success. Journal of the Academy of Marketing Science, 41 (5), 567–585.

https://doi.org/10.1007/s11747-013-0328-7

Singh, A., & Verma, P. (2017). Factors influencing indian consumers’ actual buying

behaviour towards organic food products. Journal of Cleaner Production, 167,

473–483. https://doi.org/10.1016/j.jclepro.2017.08.106

Smith, D. C., & Andrews, J. (1995). Rethinking the effect of perceived fit on customers’

evaluations of new products. Journal of the Academy of Marketing Science,

23 (1), 4. https://doi.org/10.1007/BF02894607

Smith-Spangler, C., Brandeau, M. L., Hunter, G. E., Bavinger, J. C., Pearson, M.,

Eschbach, P. J., Sundaram, V., Liu, H., Schirmer, P., Stave, C., Olkin, I., &

Bravata, D. M. (2012). Are organic foods safer or healthier than conventional

alternatives?: A systematic review. Annals of Internal Medicine, 157 (5), 348–66.

https://doi.org/10.7326/0003-4819-157-5-201209040-00007

Stafford, J. E., & Enis, B. M. (1969). The price-quality relationship: An extension.

Journal of Marketing Research, 6 (4), 456–458.

https://doi.org/10.1177/002224376900600411

Steenkamp, J.-B. E. M. (1990). Conceptual model of the quality perception process.

Journal of Business Research, 21 (4), 309–333.

https://doi.org/https://doi.org/10.1016/0148-2963(90)90019-A

Strijbosch, W., Mitas, O., van Gisbergen, M., Doicaru, M., Gelissen, J., &

Bastiaansen, M. (2019). From experience to memory: On the robustness of the

27

https://doi.org/10.1007/s11747-013-0328-7
https://doi.org/10.1016/j.jclepro.2017.08.106
https://doi.org/10.1007/BF02894607
https://doi.org/10.7326/0003-4819-157-5-201209040-00007
https://doi.org/10.1177/002224376900600411
https://doi.org/https://doi.org/10.1016/0148-2963(90)90019-A


peak-and-end-rule for complex, heterogeneous experiences. Frontiers in

Psychology, 10. https://doi.org/10.3389/fpsyg.2019.01705

Summerfield, C., & Egner, T. (2009). Expectation (and attention) in visual cognition.

Trends in Cognitive Sciences, 13 (9), 403–9.

https://doi.org/10.1016/j.tics.2009.06.003

Summerfield, C., & de Lange, F. P. (2014). Expectation in perceptual decision making:

Neural and computational mechanisms. Nature Reviews Neuroscience, 15 (11),

745–756. https://doi.org/10.1038/nrn3838

Tellis, G. J., & Wernerfelt, B. (1987). Competitive price and quality under asymmetric

information. Marketing Science, 6 (3), 240–253.

https://doi.org/10.1287/mksc.6.3.240

ter Braak, A., & Deleersnyder, B. (2018). Innovation cloning: The introduction and

performance of private label innovation copycats. Journal of Retailing, 94 (3),

312–327. https://doi.org/10.1016/j.jretai.2018.06.001

Thiessen, E. D., Kronstein, A. T., & Hufnagle, D. G. (2013). The extraction and

integration framework: A two-process account of statistical learning.

Psychological Bulletin, 139 (4), 792–814. https://doi.org/10.1037/a0030801

van Horen, F., & Pieters, R. (2012a). Consumer evaluation of copycat brands: The

effect of imitation type. International Journal of Research in Marketing, 29 (3),

246–255. https://doi.org/10.1016/j.ijresmar.2012.04.001

van Horen, F., & Pieters, R. (2012b). When high-similarity copycats lose and

moderate-similarity copycats gain: The impact of comparative evaluation.

Journal of Marketing Research, 49 (1), 83–91.

https://doi.org/10.1509/jmr.08.0405

28

https://doi.org/10.3389/fpsyg.2019.01705
https://doi.org/10.1016/j.tics.2009.06.003
https://doi.org/10.1038/nrn3838
https://doi.org/10.1287/mksc.6.3.240
https://doi.org/10.1016/j.jretai.2018.06.001
https://doi.org/10.1037/a0030801
https://doi.org/10.1016/j.ijresmar.2012.04.001
https://doi.org/10.1509/jmr.08.0405


van Horen, F., & Pieters, R. (2013). Preference reversal for copycat brands: Uncertainty

makes imitation feel good. Journal of Economic Psychology, 37, 54–64.

https://doi.org/10.1016/j.joep.2013.05.003

Wansink, B., & van Ittersum, K. (2003). Bottoms up! the influence of elongation on

pouring and consumption volume. Journal of Consumer Research, 30 (3),

455–463. https://doi.org/10.1086/378621

Warlop, L., & Alba, J. W. (2004). Sincere flattery: Trade-dress imitation and consumer

choice. Journal of Consumer Psychology, 14 (1-2), 21–27.

https://doi.org/10.1207/s15327663jcp1401&2_4

Warren, C., & Campbell, M. C. (2014). What makes things cool? how autonomy

influences perceived coolness. Journal of Consumer Research, 41 (2), 543–563.

https://doi.org/10.1086/676680

Wilkins, S., Beckenuyte, C., & Butt, M. M. (2016). Consumers’ behavioural intentions

after experiencing deception or cognitive dissonance caused by deceptive

packaging, package downsizing or slack filling. European Journal of Marketing,

50 (1/2), 213–235. https://doi.org/10.1108/EJM-01-2014-0036

Zeithaml, V. A. (1988). Consumer perceptions of price, quality, and value: A means-end

model and synthesis of evidence. Journal of Marketing, 52 (3), 2–22.

https://doi.org/10.2307/1251446

29

https://doi.org/10.1016/j.joep.2013.05.003
https://doi.org/10.1086/378621
https://doi.org/10.1207/s15327663jcp1401&2_4
https://doi.org/10.1086/676680
https://doi.org/10.1108/EJM-01-2014-0036
https://doi.org/10.2307/1251446


30



Paper 1

31



Copycatting third-party certified labels

Piet van de Mosselaar1, Martin Schoemann1,2, Sonja Perkovic1, and

Jacob L. Orquin 1,3

1Department of Management, Aarhus University, Denmark
2Department of Psychology, Technische Universität Dresden, Germany

3Centre for Research in Marketing and Consumer Psychology, Reykjavik University,

Iceland

Author Note

The authors thank Sascha Steinmann and Klaus G. Grunert for helpful comments

on an earlier manuscript version. This research was supported by the Independent

Research Fund Denmark (grant 8046-00014A). The funders had no role in

conceptualization, data analysis, decision to publish, or preparation of the manuscript;

the authors declare no competing interests. All datasets and analysis scripts are openly

available (https://osf.io/gn3qd/?view_only=8ffef2d521a64d2787ba64535436ec58). We

report how we determined our sample size, all data exclusions (if any), all manipulations,

all measures in the study, and all relevant preregistrations. Study 2 was preregistered

(https://osf.io/ym8pg/). Correspondence concerning this article should be addressed to

Piet van de Mosselaar, Department of Management, Aarhus University, Fuglesangs alle 4,

8210 Aarhus V - Denmark. E-mail: piet@mgmt.au.dk.

32



Abstract

Third-party certified labels, such as organic or nutrition labels, are important tools for

marketers who wish to communicate premium product features. Consumers generally

recognize and trust certified labels, but it can be costly for marketers to meet third-party

requirements to use certified labels. However, marketers can design and use unregulated

labels, and we show that they take advantage of this opportunity to copycat (i.e., imitate)

certified labels. In Study 1, we analyze labels on bread, cake, and dairy products and

show that visually similar copycat labels distribute in non-random ways, indicating

deliberate use. In Study 2, we develop a mouse cursor-tracking method for testing

consumer reactions to copycat labels and show that copycat labels often mislead

consumers to believe that a product includes a certified label. Even when consumers

correctly respond that a product does not include a certified label, their mouse cursor

movements reveal confusion due to copycat labels. This confusion stems from initial

automatic processing of products, which can be corrected by subsequent deliberate

processing. Our research demonstrates how mouse cursor tracking can inform marketing

research, and our findings show a new direction for research on label copycatting and its

consequences for consumers, marketers and policy makers.

Keywords: attention, brand confusion, copycat, image processing, mouse-tracking,

packaging, product label, third-party certification
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Copycatting third-party certified labels

Imagine you are looking for organic milk. You are in the dairy section of a

supermarket, where you readily find a product that appears to include a well-known

organic label. At home, pouring milk on your breakfast cereals, you realize that the label

you thought was an organic label is in fact a visually similar, but unrelated, label.

Similarly, one third of British consumers report they have bought a so-called copycat

brand by mistake (Poulter, 2009), and such accidental purchases generate an estimated

£4 billion in lost brand revenue per year in the UK (Carruthers, 2017).

Brand copycatting is a well-know marketing phenomenon. For instance, among

more than 1,100 products launched in the Netherlands from 2005 to 2009, 11.7% were

copied by at least one of the major retailers, and the copycat brands outsold their copied

counterparts and other store brands (i.e., private labels) within a year (ter Braak &

Deleersnyder, 2018). Copycat brands can mislead consumers to believe they are

purchasing the copied brands (Kapferer, 1995), but can also lead consumers to pay less

attention to the copied brands, because copycats hinder the copied brands from standing

out (Satomura et al., 2014), and can lead consumers to view the copied brands less

favorably, because copycats create unwarranted associations with the copied brands

(Morrin & Jacoby, 2000; Simonson, 1993).

In addition to packaging features that are unique to a brand (e.g., color, shape, or

size), marketers can copycat other recognizable features, including third-party certified

labels (hereinafter referred to as certified labels). Certified labels are governed by

third-party institutions (e.g., NGOs, states, or trade associations) and guarantee

consumers that products meet, often, strict minimum requirements (e.g., that a crop has

been farmed without artificial chemicals or that it has been sourced responsibly).

Consumers generally recognize and trust certified labels. For instance, 97% and 87% of

Danish consumers report they are familiar with the DK organic and the Fairtrade label,

respectively, and 92% and 86% report the labels are trustworthy

(Danish Agriculture & Food Council, 2017). Certified labels can, therefore, serve as an

important tool for marketers to communicate premium product features to consumers.
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In this research, we investigate if marketers take advantage of this opportunity to

copycat certified labels. In observational Study 1, we identify presumed copycat labels

and measure their visual similarity to certified labels. We find that presumed copycat

labels are objectively visually similar to the certified labels they imitate and dissimilar to

other certified labels, and we find that presumed copycat labels distribute in non-random

ways, indicating they are used deliberately. In experimental Study 2, we develop a novel

mouse cursor-tracking methodology to establish a measure of perceptual label confusion

and show that participants mistake products with presumed copycat labels for products

with certified labels. Together, these investigations suggest that marketers copycat

certified labels.

In the next section, we further elaborate our theoretical foundations on certified

labels and copycatting in marketing practice. Then, we describe our research question

and hypotheses and provide an overview of our empirical studies. Next, we present each

study in detail accompanied by brief discussions of the results in respect to our research

question and hypotheses. Finally, we discuss the contributions of our findings and

conclude with suggesting lines of future research.

Theoretical background

Based on the concept of customer-based brand equity (Keller, 1993),

customer-based label equity is defined as the differential effect of label knowledge on

consumer response to the marketing of a label (Carpenter & Larceneux, 2008). Therefore,

a well-known and trusted certified label can add value to a product. However, if a

product does not already meet the third-party requirements, certification might not be

possible or come along with significant investments. The price premium of an organic

crop is, for example, around 30% (Crowder & Reganold, 2015), and marketers must pay

license fees to use certain certified labels (e.g., the Fairtrade label; FLOCERT, 2021b).

However, marketers can also design and use their own unregulated labels only at a minor

cost. Copycatting certified labels could provide the same benefits as certified labels – if

consumers confuse copycat labels with the certified labels.

Copycatting is typically used by store brands that copy themes or visual features
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of leading brands. Copycat brands free-ride on the brand equity of leading brands by

appearing similar, but not identical, to the copied brands (van Horen & Pieters, 2012a,

2012b; Warlop & Alba, 2004). Consumers are more likely to choose a copycat brand over

another brand (Aribarg et al., 2014; Warlop & Alba, 2004), but highly similar copycat

brands are evaluated negatively in the presence of the copied brands, likely because

consumers detect they are copycats (van Horen & Pieters, 2012b). In contrast to highly

similar copycat brands, copycat labels would imitate just one packaging feature (i.e., a

label), which could make them difficult to detect. Free-riding on the label equity of

certified labels, facing only a small risk of detection, we believe that marketers – unable

or unwilling to obtain third-party certification – benefit from copycatting certified labels

(Figure 1).

The copycat literature distinguishes two types of copycats: theme-based and

feature-based copycat brands. Theme-based copycat brands copy the underlying

meanings or themes (e.g., benefits, goals, or usage contexts), whereas feature-based

copycat brands imitate visual features of leading brands (e.g., colors, shapes, or sizes;

Miceli & Pieters, 2010; van Horen & Pieters, 2012a). Applying these definitions in the

domain of certified labels, this research investigates feature-based copycat labels. Like

feature-based copycat brands that consumers may confuse with leading brands due to

their visual similarity, we expect that consumers may confuse feature-based copycat

labels with certified labels. Consumers likely confuse copycat brands and labels, because

they do not process all information in detail. Consumers, for example, only spend

between 0.36 s and 0.55 s attending to each product in a supermarket, which does not

allow for a detailed inspection of a product’s labels or other packaging features (Gidlöf

et al., 2013; Hurley et al., 2013). However, recent research shows that consumers are able

to quickly and accurately infer the presence of certified labels in their peripheral vision

(i.e., without gazing directly at the labels; Perkovic et al., 2022). The peripheral vision

lacks the resolution and color sensitivity of the foveal vision (Strasburger et al., 2011),

but people are able to identify colors, even at large eccentricities (Hansen et al., 2009;

Webster et al., 2010). People are also able to identify shapes in the periphery, but shape
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Figure 1

Certified labels vs. copycat labels

Note. Four certified labels are presented with a non-exhaustive sample of presumed copycat

labels identified in Study 1. While the copycat labels communicate valid claims (such as product

quantity or high levels of protein), they could be misleading, because they are visually similar

to the certified labels. The DK organic and EU organic labels communicate that a product is

organic, the Nordic Keyhole label conveys that a product is among the healthiest alternatives in

its product category, and the DK Whole Grain label signals that a product is made from whole

grains, and also that a product meets some requirements of the Nordic Keyhole label. The red-

green-blue (RGB) values show the color specifications from the design manuals of the respective

certified labels. The design manuals do not instruct that certified labels must be a particular

size (Danish Veterinary and Food Administration, 2018, 2021; Danish Whole Grain Partnership,

2020; European Commission, 2010).
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perceptions are complemented by additional information (e.g., information from the

foveal vision; Otten et al., 2017; Valsecchi et al., 2018). Similarly, people use additional

information to perceive size in the periphery (Eymond et al., 2020). Hence, consumers

may confuse a copycat label with a certified label, if colors of labels are similar and they

expect that a product includes the certified label. Even if a copycat label differs in shape

and size, expectations about the presence of a certified label may influence perceptions of

shape and size, so that consumers perceive the shape and size of a copycat label as

similar to those of the copied label. Certainly, consumers are less likely to confuse

copycat labels that they gaze directly at, but consumers may also confuse labels they

gaze directly at. Expectations guide which information is processed, and how information

is interpreted (O’Callaghan et al., 2017; Summerfield & Egner, 2009; Summerfield &

de Lange, 2014). Specifically, familiarity with well-known certified labels may bias

perception of copycat labels. Therefore, consumers may confuse a copycat label with a

certified label, if their colors are similar, as long as the shape and size of the copycat label

approximate those of the certified label.

The copycat literature defines feature-based copycat brands as visually similar to

leading brands (Miceli & Pieters, 2010; Satomura et al., 2014; van Horen & Pieters,

2012b), as used deliberately (Coelho do Vale & Verga Matos, 2015; Kelting et al., 2019;

ter Braak & Deleersnyder, 2018; van Horen & Pieters, 2013), and as confusing to

consumers (Kapferer, 1995; Satomura et al., 2014). Translating this definition to copycat

labels, this research defines labels as feature-based copycat labels, if they are visually

similar to certified labels, used deliberately, and confusing to consumers. Previous

literature has quantified visual similarity between products in terms of geometric

distances in color spaces (Satomura et al., 2014; van der Lans et al., 2021). Copycat

labels should, therefore, be visually similar to certified labels in color spaces. Compared

to brands that are characterized by several packaging features, certified labels are

characterized by relatively few visual features, and it is, therefore, plausible that

marketers occasionally copycat certified labels by chance. Therefore, deliberate

copycatting cannot be revealed on the basis of individual products, but as a pattern
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across products and categories in the following ways. First, international marketers may

be less inclined than national marketers to copycat certified labels primarily or

exclusively used on the national market. Second, marketers may be less inclined to

copycat certified labels a product already includes. Third, marketers may be less inclined

to copycat certified labels, which a product, due to its category, cannot reasonably

include. Whether copycat labels confuse consumers can, on the other hand, be tested on

a product-by-product basis. To identify copycat brands, previous studies have used forced

choice perceptual decision tasks to estimate the probability that a consumer confuses a

copycat brand with the copied brand (Satomura et al., 2014). Investigating the risk of

label confusion, the critical question is not whether consumers confuse labels, but

whether they mistakenly believe that products with copycat labels include the copied

labels. A forced choice classification paradigm, where participants view product images

and indicate whether products include selected certified labels, may be a rewarding

approach. In addition to the final response (i.e., yes or no), previous research has also

used other measures, such as response times, to describe decision processes, but response

time data does not provide much information on how cognitive processing evolves over

time or on how multiple processes may drive the final response (Dotan et al., 2019). A

previously overlooked source of data in the copycat literature is mouse cursor movements.

Mouse cursor movements provide a window to unconscious decision-making processes and

can reveal how responses evolve over time (Scherbaum & Dshemuchadse, 2019).

Compared to eye-tracking and other process-tracing methods, the costs of this additional

information are low (e.g., with regard to technical requirements or implementation;

Schoemann et al., 2019; Schulte-Mecklenbeck et al., 2017), and mouse-tracking can even

be used in online settings (Maldonado et al., 2019). According to the definition of a

feature-based copycat label, consumers must frequently misjudge that products with

copycat labels include the copied labels compared to products that neither include

copycat nor the copied labels. Even when they respond accurately, mouse cursor tracking

may reveal greater response uncertainty, when products include copycat labels.
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Present research

In two studies, we investigate if marketers copycat certified labels, empirically

testing each component of the feature-based copycat definition outlined above (i.e.,

similarity, deliberation, and confusion). Study 1 is concerned with similarity and

deliberation, and Study 2 is concerned with confusion. In observational Study 1, we

analyze food products from two online supermarkets and seek to answer the following

question:

RQ: Do presumed feature-based copycat labels (i.e., unregulated labels that

are visually similar to certified labels) distribute in non-random ways that

indicate deliberate use?

We manually identify presumed copycat labels and determine their objective visual

similarity to the certified labels (i.e., estimating the Euclidean distance in the CIELAB

color space to the color specifications of certified labels). Previous research finds that

measures of objective visual similarity can validly identify copycat brands (Satomura

et al., 2014). Similarly, we expect that our manual identification of copycat labels and

our objective measure of similarity converge in such a way that labels that are manually

identified as copycat labels have a high objective similarity to the copied certified label

and a low objective similarity to all other certified labels.

Next, we assess whether presumed copycat labels might be used deliberately,

which would be observable in the following ways. First, copycat labels can only free-ride

on the label equity of certified labels, if consumers are familiar with the certified labels

used in the market environment. We investigate the Danish grocery market, where our

selection of certified labels are primarily used. We do not expect that marketers

deliberately copycat certified labels, if their products are not tailored to the national

market. Therefore, we expect that copycats of certified labels are mostly included on

national products. Second, assuming marketers copycat labels to free-ride on the label

equity of certified labels, marketers would not benefit from copying a certified label a

product already includes. Therefore, we expect that copycat labels are mostly included

on products that do not include the copied certified labels. Third, on the Danish grocery
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market, some certified labels are exclusive to selected product categories, and the risk

that consumers confuse a copycat label with the copied label may be lower in other

categories. Specifically, consumers may not attend to or expect certified labels that are

not represented in a category. Similarly, marketers typically do not copycat brands

out-of-category (van Horen & Pieters, 2017). Therefore, we expect that copycat labels are

mostly included on products from categories that are eligible for the copied certified label.

In experimental Study 2, we test whether consumers confuse copycat labels with

the copied certified labels and investigate the mechanisms of label identification. In

particular, we assess if consumers can distinguish between copycat and certified labels

from rapidly flashed (0.3 s) product images. Previous research finds that participants can

identify differences between visually dissimilar brands in only 0.3 s, but that they often

confuse visually similar brands (Satomura et al., 2014). Similarly, we expect to find

copycat confusion when it comes to copycat labels in such a way that:

H1: Participants often confuse copycat labels with the copied certified labels

and, hence, are likely to perceive products with copycats labels as products

with certified labels.

Previous research also finds that competing accumulator models can describe the

mechanisms of brand identification and predict accuracy and response time in the

presence of copycat brands (Satomura et al., 2014). Highly accurate and fast responses

are associated with easy brand identification (i.e., when the presumed copycat brand is

visually dissimilar to the copied brand); less accurate and slow responses are, in contrast,

associated with difficult brand identification (i.e., when the presumed copycat brand is

visually similar to the copied brand). Another way of investigating decision processes

beyond mathematical modelling is to directly assess process measures

(Schulte-Mecklenbeck et al., 2017). Previous research shows that the measurement of

mouse cursor movements during response can provide insights into the decision process

(Schoemann et al., 2021) and distinguish between easy and difficult decisions

(Dshemuchadse et al., 2013; Stillman et al., 2020; Sullivan et al., 2014). One relevant

measure of decision difficulty is the deviation of cursor trajectory from the direct path

41



toward a correct response, which is larger for difficult decisions. Therefore, we expect

that:

H2: For correct responses, participants’ cursor movements show a large

deviation from the direct path, when the product includes a copycat label, as

compared to when it neither includes a copycat nor a certified label.

However, larger deviations for difficult decisions can result from different, distinct

decision processes (Wulff et al., 2019). Hence, the unique signature of the cursor

trajectory is of special interest. We assume that two processes work sequentially when

consumers are confronted with copycat labels. The first automatic process, which might

be driven by covert attention (Perkovic et al., 2022), is likely to bias consumers toward

copycat confusion, and a second deliberate process can correct this bias. Such processing

is then reflected in so-called change-of-mind trajectories, that is, cursor trajectories that

initially go straight toward the incorrect response followed by a sudden change of

direction toward the correct response. Therefore, we expect that:

H3: Participants’ cursor movements show a high proportion of

change-of-mind trajectories, when the product includes a copycat label, as

compared to when it neither includes a copycat nor a certified label.

Study 1: Similarity and deliberation

In Study 1, we manually identify and categorize labels on naturalistic food

products from online supermarkets to investigate if marketers on the Danish grocery

market use unregulated labels that are visually similar to certified labels, and if they use

these presumed copycat labels deliberately. We validate our identification of the

presumed copycat labels by estimating their objective visual similarity to the certified

labels presented in Figure 1. Next, we investigate if the use of presumed copycat labels

depends on the regional origin of the products, the presence of certified labels, and the

product category.
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Method

To manually identify and categorize labels on food products, we collected bakery

and dairy products from the online assortment of the two dominating retail chains in

Denmark. Bakery (including bread and cake) and dairy are popular categories that

jointly involve all certified labels of interest (i.e., DK organic, EU organic,

Nordic Keyhole, and DK Whole Grain; Figure 1). We used the RSelenium package

(Harrison, 2020) in R (R Core Team, 2020) to extract general product information and

product images; we excluded products without packaging or a front-view image. The first

author cropped and categorized all labels from the front-view images while inductively

developing the coding protocol (Figure A1). Then, a student assistant independently

categorized labels on all products according to the defined coding protocol. We identified

four categories of labels: (1) the four certified labels (i.e., DK organic, EU organic,

Nordic Keyhole, and DK Whole Grain), (2) their respective presumed copycat labels, (3)

as well as other certified labels, and (4) unregulated labels that do not fit into the former

three categories. The coders identified the same labels on 84.63% of the products.

Differences were jointly assessed and resolved.

To estimate the objective visual similarity between the presumed copycat labels

and the certified labels, we measured the pixel-wise Euclidean distance in the CIELAB

color space. We used the imager package (Barthelme, 2021) in R to process the labels.

We converted the color space from RGB to CIELAB which better represents human color

perception (Connolly & Fliess, 1997; van der Lans et al., 2021) and quantifies colors on

three dimensions: L∗ (perceptual lightness), a∗ (green to red), and b∗ (blue to yellow).

Accordingly, the mean pair-wise Euclidean distance between two labels (i.e., Label 1 and

Label 2) can be calculated as:

Mean Euclidean distance =

m∑
i=1

√
(L∗

1i − L∗
2)2 + (a∗

1i − a∗
2)2 + (b∗

1i − b∗
2)2

m
(1)

We applied Equation 1 to every image with m pixels of the identified labels (i.e., Label 1).

That is, for every image, we obtained the mean Euclidean distance to the color

specifications of a certified label by calculating the Euclidean distances from its pixels to
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the primary or secondary color of the certified label, before finally averaging the sum of

distances.

To investigate deliberate use of copycat labels, we categorized products as national

or international. Products registered in Denmark (i.e., products that include a European

Article Number starting with the Danish prefix – 57) and products of Danish brands were

categorized as national (brand country was only identified for brands that appeared at

least five times); otherwise, products were categorized as international.

Results and discussion

We collected 1,366 food products from the bakery and dairy categories. The

bakery category consists of bread (N = 451) and cake (N = 183), and the dairy category

consists of dairy (N = 692) and desserts (N = 40) as relevant subcategories. We removed

desserts from the dairy category due to its small sample size. Across the total sample of

products (N = 1,326), we categorized 1,775 labels of which 181 were identified as

presumed copycat labels. 67.27% of products include any label and 12.22% include a

presumed copycat label.

We assessed the objective visual similarity between identified labels and the color

specifications of certified labels (Figure 2). We also compared the identified certified

labels with their own color specifications because the many processing steps—from

printing labels on products to our extraction—introduce some natural variation in the

similarity measure. These variations, hence, represent the benchmarks used to assess the

similarity between presumed copycat labels and certified labels. The results indicate that

the presumed copycat labels are visually similar to the certified labels they imitate and

dissimilar to the three other certified labels.

Next, we investigated whether the use of presumed copycat labels depends on the

regional origin of products, the presence of certified labels, and the product category.

First, we tested whether national products include more presumed copycat labels by

comparing the proportions of unregulated labels that are presumed copycat labels. We

expected that a greater proportion of unregulated labels on national products would be

presumed copycat labels since national products are tailored to the market. Likewise,
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Figure 2

Visual similarity between selected labels and the official color specifications of certified

labels

DK Whole Grain copycat (N = 18)

DK Whole Grain (N = 87)

Nordic Keyhole copycat (N = 72)

Nordic Keyhole (N = 166)

EU organic copycat (N = 24)
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Note. The figure shows distributions of similarity between identified labels (rows) and the

official color specifications of certified labels (columns). Similarity is computed by inverting the

label’s mean Euclidean distance to the color specification of the certified label (Equation 1).

Larger numbers indicate greater similarity. The black dot under each probability density function

represents mean similarity, and the black line represents a 95% bootstrapped confidence interval

of the mean. The density functions of certified and presumed copycat labels are printed in the

official color specification given by the design manual of the respective certified label.
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38.32% of national and only 6.90% of international products include at least one of the

four certified labels. In line with our expectation, we found that more unregulated labels

on national products are presumed copycat labels (32.96%) than unregulated labels on

international products (14.41%), χ2(1, 674) = 25.15, p < .001. Second, we ran four

separate tests (i.e., one per certified-copycat label pair) on national products to test

whether presumed copycat labels are mostly included on products that do not include the

certified label. We excluded cake products from the Nordic Keyhole analysis, because

they cannot include the Nordic Keyhole label, and we excluded cake and dairy products

from the DK Whole Grain analysis, because only bread products may include the

DK Whole Grain label. Partially in line with our expectation, the results show that more

products without than with the DK organic label (6.67% vs 1.77%) include a DK organic

copycat, χ2(1, 1036) = 7.12, p = .008, and that more products without than with the

Nordic Keyhole label (7.26% vs 2.05%) include a Nordic Keyhole copycat,

χ2(1, 890) = 4.68, p = .031. Results related to the EU organic label (1.53% vs 2.17%),

χ2(1, 1036) = 0.09, p = .758, and the DK Whole Grain label (3.10% vs 5.41%),

χ2(1, 332) = 0.34, p = .560, are insignificant. Third, we ran two tests (i.e., one for the

Nordic Keyhole label and one for the DK Whole Grain label) on national products to

investigate whether presumed copycat labels are mostly included on products from

categories that are eligible for the certified label. The Nordic Keyhole label is, for

instance, used in bread and dairy categories (but not in cake), and the DK Whole Grain

label is used in the bread category (but not in cake or dairy categories). Both organic

labels are used in all three categories. Largely in line with our expectation, the results

show that neither the Nordic Keyhole copycats, χ2(2, 1036) = 44.18, p < .001, nor the

DK Whole Grain copycats, χ2(2, 1036) = 17.22, p < .001, distribute randomly across

products categories. Standardized residuals reveal that Nordic Keyhole copycats are

under-represented in bread (-4.75) and cake (-3.15), and over-represented in dairy (6.64);

DK Whole Grain copycats are over-represented in bread (4.01) and under-represented in

dairy (-3.69), whereas the number of DK Whole Grain copycats in cake does not differ

from the number expected by chance (-0.09).
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In sum, the results of Study 1 indicate that marketers deliberately use unregulated

labels that are visually similar to certified labels. Specifically, the use of presumed

feature-based copycat labels depends on the regional origin of products, the presence of

certified labels, and the product category, though we identified relatively few EU organic

and DK Whole Grain copycat labels. Our similarity measure exclusively considers color

(in the CIELAB color space), but we also considered shape and size in the label

categorization (Figure A1).

Study 2: Confusion

Study 1 indicated that presumed copycat labels are objectively visually similar to

the certified labels they imitate. In preregistered Study 2, we ask whether this

observation translates into consumer perception. We selected 96 products (composing 24

sets of four matched products with and without certified and copycat labels) from

Study 1 and tested whether consumers confuse the identified presumed copycat labels

with the certified labels. Participants viewed rapidly (0.3 s) flashed product images and

judged whether the products included predefined certified labels. In addition to

participants’ final responses, we examined the process of their judgments by collecting

mouse cursor movements. Mouse cursor movements can easily be collected online

(Maldonado et al., 2019), and they provide a rich source of data that reveal dynamic

aspects of judgement and choice (for reviews, see Freeman, 2018; Schoemann et al., 2021),

such as changes of mind (Löffler et al., 2021; Resulaj et al., 2009). Changes of mind can

occur, for instance, when participants correct an initial commitment toward an erroneous

response based on confidence monitoring (Atiya et al., 2020) or subsequent corrective

deliberate processes (e.g., self-control) following misleading initial automatic processes

(e.g., impulsivity; Stillman et al., 2018). Therefore, we expect that participants are likely

to perceive products with presumed copycat labels as products with certified labels (H1),

and even when they respond correctly, we expect participants’ mouse cursor movements

to show a larger deviation toward the erroneous response, when the product includes a

presumed copycat label (H2), as a result of a dual-process mechanism reflected in a

higher proportion of change-of-mind trajectories (H3).
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Method

The study protocol, the hypotheses, and the analyses were preregistered, and we

did not deviate from our preregistration (https://osf.io/ym8pg/). The sample size was

determined by an a priori safeguard power analysis (Perugini et al., 2014) on H2 based on

an effect estimate from 14 pilot participants, d = 0.99, 90% CI = [0.42, 1.52], which

resulted in a required sample of 63 participants to test H2 with statistical power of 95%.

The study received an ethical approval from the Human Subjects Committee at

Cognition and Behavior (COBE) Lab at Aarhus University.

89 participants (63 females, Mage = 23.69 years, SDage = 2.81 years, range =

19 − 32 years) from the COBE Lab completed the study. Participants were required to

live in Denmark and to speak Danish as their first language to ensure they are familiar

with the certified labels (Danish Agriculture & Food Council, 2017). Participants were

required to use a computer mouse to ensure high data quality of the mouse cursor data,

and all participants passed a color perception test. Participants gave informed consent

prior to the study and received 50 DKK (approx. 8.00 USD) for completing the study,

which took 15 minutes on average.

The online study employed a mouse-tracking version of a speeded perception task

with a one-factorial, within-subjects design presenting different labels on 96 unique,

naturalistic food products (i.e., a compiled subsample of the products from the bread and

dairy categories collected in Study 1; see stimuli in Figure A2). Each product was

presented for 0.3 s, and participants were asked to judge as fast and accurately as possible

whether the product included a predefined certified label. The 96 products formed 24

composed sets of four matched products; the 24 sets consisted of six sets per certified

label (i.e., DK organic, EU organic, Nordic Keyhole, DK Whole Grain). Within a set, the

four products were selected in such a way that one product included the certified label

(certified condition), one included a copycat of the certified label (copycat condition), and

two products included neither (control condition). We matched products within a set by

subcategory (e.g., cottage cheese, skimmed milk, burger buns, etc.) and packaging design.

Products were presented in five blocks by certified label and product category (i.e.,
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DK organic : bread, EU organic : dairy, Nordic Keyhole : bread, Nordic Keyhole : dairy, and

DK Whole Grain : bread; Figure A2); we were unable to create sets of properly matched

products for the remaining sensible combinations of certified labels and product

categories (i.e., DK organic : dairy or EU organic : bread). The blocks were presented in

random order with the products being randomly ordered within a block.

The study was designed in PsychoJS (i.e., the online version of PsychoPy 2020.2;

Peirce et al., 2019), which offers the best precision (i.e., timing of stimuli and responses)

among packages for online studies (Bridges et al., 2020), and was hosted on Pavlovia.org.

The study was available to computer users and it was launched in full screen. The study

applied a standard mouse-tracking setup with a start box located at the bottom center of

the screen and two response boxes (with response options yes and no) in the upper

corners of the screen; response options were randomly varied between participants

(Figure 3c; see also Schoemann et al., 2021).

Each trial comprised five consecutive stages (Figure 3a): the start stage, the

fixation stage, the stimulus stage, the response stage, and the optional feedback stage. In

the start stage, participants had to click on the start button after a delay of 0.5 s; the

predefined certified label in the respective block was only presented in the first trial. In

the fixation and stimulus stages, participants were instructed not to move the mouse

cursor while the fixation cross (0.9 s) and the product (0.3 s) were sequentially displayed;

the mouse cursor was set invisible. In the response stage, participants were instructed to

(a) initiate responding within 0.6 s (i.e., movement initiation deadline) by moving the

cursor upwards from the start box and (b) to finally respond within 2.5 s (i.e., response

deadline) by clicking in one of the response boxes. In the feedback stage, participants

were given feedback on their movement timings (or blank screen when they met the

timing thresholds) for 2 s. After all 96 experimental trials, we evaluated participants’

knowledge and the importance of the four certified labels on a scale. In a

post-experimental interview, we asked participants if they noticed anything specific, and

what they think the objective of the research is.

Products were presented as photographical images (900 px × 900 px) on a white
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Figure 3

Procedure and mouse-tracking setup in Study 2

Note. (a) Trial from the DK Whole Grain : bread block. The start stage displayed the predefined

certified label on the first trial of a block only. (b) Stimulus stage with examples of copycat

(blue) and control (orange) trials from the same set. (c) Response stage with the direct path

(grey dashed line), hypothetical averaged mouse cursor trajectories for copycat (blue) and control

(orange) trials (H2) and their maximum absolute deviations (MADs).
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background, positioned in the middle of the screen and covering 80% of the screen’s

height. The response buttons were positioned in the upper left and right corners of the

screen, each covering 7.5% of the screen’s width and height. Text was presented in dark

grey Arial font sized according to the screen’s height (5%). Mouse cursor movements

were sampled with every display refresh from the start of the stimulus stage until the end

of the response stage; the mouse cursor speed was not available due to the online setup.

We excluded 25 participants that did not meet the movement initiation deadline

and the response deadline in more than 1/3 of all trials, or incorrectly responded no in

more than 1/3 of the certified trials, which left 64 participants for all analyses. All trials

were completed in full screen. For the analysis of participants’ final judgement (H1), we

used all available trials (n = 6,144), that is, even trials in which participants did not meet

one of the introduced timing thresholds. For the analyses of participants’ judgement

dynamics (H2 and H3), we used trials with correct responses and excluded imperfectly

timed trials (11.43%), which left 4,206 trials (3,092 copycat and control trials). We

remapped the no response option to the upper left response box and the yes response

option to the upper right response box, meaning mouse cursor trajectories of correct

judgements end in the top-left (top-right) corner in copycat and control (certified) trials

(Figure 3c). Furthermore, we aligned the trajectories’ start and end positions, and

removed their initiation (i.e., when the cursor was not moving at trial start) and click

phase (i.e., when the cursor had entered the final response box; Kieslich et al., 2019). We

operationalized the mouse cursor trajectories’ deviation as the maximum absolute

deviation (MAD) from a notional, straight line between respective start and end

positions (Figure 3c; Kieslich et al., 2019). For the analysis of H2, we normalized the

trajectories temporally to 101 points (Spivey et al., 2005). For the analysis of H3, we

normalized the trajectories spatially to 20 points and mapped them to five previously

identified prototype trajectories (Wulff et al., 2019). Data (pre-)processing and statistical

analyses were performed in R (R Core Team, 2020). We specifically used the lme4

package (Bates et al., 2015) for the (generalized) linear mixed-effects modeling and the

mousetrap package (Kieslich et al., 2019) for handling the mouse-tracking data.
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Results and discussion

First, we tested whether participants misjudge that products with presumed

copycat labels include the copied labels (H1). In line with H1, confirmatory mixed-effects

regression analysis (using a binomial model with the logit link and a random intercept

and slope for participants and sets) showed that the probability of responding yes differs

significantly between conditions (Table A1 and Figure 4). Compared to copycat trials,

the probability of responding yes is indeed lower in control trials, OR = 0.13, 95% CI =

[0.08, 0.21], z = −7.93, p < .001, and higher in certified trials, OR = 6.57, 95% CI =

[3.95, 10.94], z = 7.25, p < .001. The estimated probabilities of responding yes are 9.04%

in control trials, 43.48% in copycat trials, and 83.49% in certified trials.

Figure 4

Responding yes in Study 2

Note. Histograms show the proportion of trials participants responded yes (i.e., that the

product includes the predefined certified label) in different conditions (color).
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Second, we tested whether participants’ mouse movements show a large deviation

toward an incorrect judgement, when they finally make no mistake, in copycat trials

compared to control trials (H2). In line with H2, confirmatory mixed-effects regression

analysis (using a linear model and a random intercept and slope for participants and sets)

showed the deviation toward the incorrect response is indeed significantly larger in

copycat trials than in control trials, MAD = −0.15, 95% CI = [-0.22, -0.08],

t = −4.15, p < .001 (Figure 5). This result was confirmed by the directed paired-samples

t-test on z-scored (within participants) MAD resembling our power analysis (see Method

and preregistration). Hence, average trajectories deviate more from the direct path in

copycat trials (M = 0.32, SD = 0.40) than in control trials (M = −0.09, SD = 0.10),

t(63) = 6.68, p < .001, d = 0.84, and the effect size is within the confidence interval we

had obtained in the pilot study, 90% CI [0.42, 1.52].

Third, we tested whether participants show more changes of mind from an initially

incorrect judgment toward a correct judgment in copycat trials than in control trials. In

line with H3, confirmatory χ2-test showed significant differences in the proportion of

prototype trajectories between copycat and control trials, χ2(4, 3092) = 68.67, p < .001.

Copycat trials indeed feature fewer straight and more change-of-mind trajectories than

control trials. For the change-of-mind trajectories, the difference is largest for the

discrete-change-of-mind trajectories, supporting the notion of a two-systems process

(Figure 6).

In sum, linking real-world observational supermarket data and experimental

behavioral data, our results indicated that presumed copycat labels on sampled

naturalistic products are confusing. Specifically, our results show that, after viewing a

product for only 0.3 s, participants made accurate judgments about the presence of

certified labels, when a product does not include a presumed copycat label. This is

consistent with previous findings that people can perceive the gist of an ad in only one

fixation (Pieters et al., 2012) or identify differences between dissimilar brands in only

0.3 s (Satomura et al., 2014). When a product includes a presumed copycat label,

participants often incorrectly responded that it includes the predefined certified label.
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Figure 5

Mouse cursor trajectories and densities

Note. The correct response option is no (top left corner) in control (orange) and copycat (blue)

trials and yes (top right corner) in certified (green) trials. (a) Trajectories averaged per condition

separately for each participant. The copycat trajectory curves more than the control trajectory.

Learning most products do not include a certified label may increase curvature of the certified

trajectory (i.e., only 25% of products include the certified label, and participants respond no in

62.09% of all trials). (b) Smoothed heatmaps by conditions (control, copycat, and certified).

Darker shades indicate higher density. (c) Difference of smoothed heatmaps between control and

copycat trials (i.e., effect of condition). Orange indicates higher density in control trials, and

blue indicates higher density in copycat trials.

Furthermore, our analysis of mouse cursor movements indicated that, even when

participants did not misjudge products, their cursor trajectories exhibited substantially

more spatial attraction toward the incorrect response option in copycat trials, indicating

that it is a more difficult judgment, when products include presumed copycat labels. In

particular, average mouse cursor trajectories curved more in copycat than in control trials

(Figure 5), and this difference in curvature is primarily driven by the over-representation

of changes-of-mind trajectories in copycat trials (Figure 6). This indicates that

participants sometimes can correct their judgment after initially confusing a presumed

copycat label with the certified label. In the post-experimental interview, around 10 of 89

54



Figure 6

Matching mouse cursor trajectories to prototype trajectories
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Note. Trajectories from copycat and control trials (rows) are matched to five previously

identified prototype trajectories (columns). Dashed lines visualize prototype trajectories. In the

double discrete change-of-mind prototype trajectory, the cursor moves back and forth between

the response options. Opacity is determined by relative frequency. Standardized residuals (Std.

res.) greater (lower) than 2 (-2) indicate that there are significantly more (fewer) trajectories than

the Chi-squared test expects by chance, χ2(4, 3092) = 68.67, p < .001. Standardized residuals

indicate that straight trajectories are under-represented and change-of-mind trajectories are

over-represented in copycat trials.
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participants expressed that design features (including labels) are visually similar to the

predefined certified labels. For instance, one participant reported they confused labels

that include the Danish flag with the DK organic label, and another participant reported

that product quantity descriptions resemble the DK Whole Grain label (Figure 1).

General discussion

Marketers use certified labels to communicate premium product features.

However, third-party certification might not be possible or come along with significant

investments. As an alternative, marketers can also copycat certified labels only at a

minor cost. Marketers already copy themes and visual features of leading brands, and our

results indicate that marketers also copycat certified labels. Specifically, results indicate

that marketers use labels that classify as feature-based copycats by being visually similar

(Study 1), deliberate (Study 1), and confusing (Study 2).

In Study 1, we collected 1,326 supermarket products that include 1,775 labels. We

identified 181 labels as presumed feature-based copycat labels based on their visual

similarity. Using this data, we showed that presumed copycat labels distribute in

non-random ways, indicating they are used deliberately. Specifically, presumed copycat

labels are over-represented on national products (national products also include more

certified labels), under-represented on products with the copied certified labels (where

they might not add value), and under-represented in categories that cannot include the

copied certified labels (where consumers may not reasonably confuse them). In Study 2,

we analyzed participants’ performance in a mouse-tracking version of a speeded

perception task and showed that participants often confuse presumed copycat labels with

the copied certified labels. Using the time-continuous, mouse-tracking data, we further

demonstrated that participants’ confusion stems from an early bias they sometimes, but

most often do not, correct. In sum, our findings suggest that marketers copycat certified

labels, which bears several practical implications and delivers several theoretical and

methodological contributions.
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Practical implications

The practical implications concern both marketers and policy makers. From the

perspective of marketers, our results suggest that copycat labels free-ride on the label

equity of certified labels. While consumers are willing to pay up to 105% more for organic

products (Aschemann-Witzel & Zielke, 2017), copycat labels may reduce the label equity

of certified labels (such as organic labels) and therefore marketers’ ability to charge price

premiums for products with certified labels. In particular, copycatting could hurt

products with certified labels, if consumers’ confusion shifts a part of sales (dedicated to

products with certified labels) to products with copycat labels (Kapferer, 1995).

Accordingly, the base-rate probability that a consumer purchases a product with a

certified label might decrease, if a consumer’s consideration set increases to include some

products with copycat labels, and products with copycat labels can also charge lower

prices because they must not make costly investments to meet third-party requirements.

Even when consumers do not confuse labels, copycat labels may still reduce the label

equity of certified labels, if consumers pay less attention to products with the copied

certified labels, because copycat labels hinder the copied labels from standing out

(Satomura et al., 2014), or if consumers view the copied labels less favorably, because

copycat labels create unwarranted associations with the copied labels (Morrin & Jacoby,

2000; Simonson, 1993). If marketers cannot use certified labels to capitalize on the value

of their products’ features, they may need to communicate product features in an

alternative way, or not conform with the requirements for using certified labels.

From the perspective of policy makers, our results implicate that regulation might

be required to protect consumers and the label equity of certified labels from copycatting

practices. First, if consumers are misled by copycat labels and, for instance, erroneously

buy non-organic milk thinking it is organic, copycat labels constitute a clear threat to

consumer welfare and society. Second, certified labels are important communication tools

that enable marketers to communicate premium features and consumers to easily make

informed purchasing decisions, and regulation should prevent copycat labels from

reducing recognizability and favorability of certified labels. In addition, certified labels
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can incentivize producers to improve products, which benefits consumers and society

(Vyth et al., 2010).

The current work also proposes a possible practical tool to identify copycat labels –

the average visual similarity between unregulated labels and relevant certified labels. Our

similarity measure based on the CIELAB color space only considers one dimension (i.e.,

color), but it is possible to include other dimensions. Such tool could be used by policy

makers to identify and ban potential copycat labels from the market and by marketers to

avoid inadvertently introducing copycat labels into the market. It is plausible that

marketers occasionally copycat labels inadvertently, and that products with copycat

labels outperform comparable products without such labels, especially in contexts where

the copied certified labels are credible. This may extend the life cycle of products with

copycat labels, which could help explain the presence of copycat labels in contexts where

consumers may reasonably confuse them with the certified labels.

Theoretical and methodological contributions

Our theoretical contributions build on the broad marketing literature on

copycatting. Previous research on copycatting has focused on copying themes or visual

features of leading brands. To the best of our knowledge, we are the first to provide

evidence for copycatting in the domain of certified labels. While primarily store brands

implement copycats of leading brands, both store brands and leading brands may copycat

labels in product categories where products regularly include certified labels. Therefore,

the scope of adoption is potentially even wider for copycat labels than for copycat brands.

From a methodological perspective, our research demonstrates how mouse cursor

tracking can inform marketing research. Mouse cursor tracking is a recent process-tracing

method (for a review, see Schoemann et al., 2021) that easily provides insights into the

dynamics of consumer decisions. It can, for instance, inform about the time point and

strength of different influences on consumer decisions. The costs of this additional

information are low (e.g., with regard to technical requirements or implementation;

Schoemann et al., 2019; Schulte-Mecklenbeck et al., 2017), and mouse-tracking can even

be used in online settings (Maldonado et al., 2019). Additionally, ready-to-use
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experimental builder and analysis software allow researchers to collect, process, analyze,

and visualize mouse-tracking data with little technical effort (Freeman & Ambady, 2010;

Kieslich et al., 2019; Kieslich & Henninger, 2017).

We used mouse cursor tracking to measure how participants’ perception of copycat

labels evolves over time. Our findings suggest that consumers initially confuse copycat

labels, because they automatically process products, perceiving copycat labels as the

copied certified labels, and that this initial bias can be corrected by subsequent deliberate

processing. The initial automatic processing might include a combination of overt and

covert attention, which are deployed to quickly identify relevant product features, for

example, through certified labels (Perkovic et al., 2022). In this situation, consumers

might attend to labels using their peripheral vision (i.e., covert attention) instead of

looking directly at them using their central foveal vision (i.e., overt attention). The

peripheral vision is prone to errors, because it lacks the resolution and color sensitivity of

the foveal vision (Strasburger et al., 2011). However, people do not perceive an abrupt

drop in levels of details between visual fields (Solovey et al., 2015), because rich

information from the foveal vision (Otten et al., 2017; Valsecchi et al., 2018) and

expectations (Eymond et al., 2020; Solovey et al., 2015) complement information from

the peripheral vision. This mechanism may help consumers identify salient, expected

labels in the periphery without looking directly at them. In our experimental study

(Study 2), where products were displayed for 0.3 s, participants did not have time to

make eye movements (Satomura et al., 2014), suggesting they rarely attended overtly to

the labels. Consumers spend between 0.36 s and 0.55 s attending to each product in the

supermarket (Gidlöf et al., 2013; Hurley et al., 2013), suggesting they also do not attend

overtly to all labels, and that they, therefore, may confuse copycat labels in their

peripheral vision with expected certified labels.

Consumers’ expectations may also play a role, when they attend overtly to

copycat labels. Even when available through the foveal vision, the brain can only process

a fraction of the available visual information in detail. Expectations guide which

information is processed in detail, and how information is interpreted (Summerfield &
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Egner, 2009; Summerfield & de Lange, 2014). In particular, it is not necessary to

repeatedly process familiar objects in detail (Summerfield & Egner, 2009). If a copycat

label, at first glance, appears visually similar to a familiar certified label, consumers may

not process the copycat label in detail, but instead fill in the missing information with

their expectations of the copied certified label (Summerfield & Egner, 2009).

Furthermore, interpretation of visual information is guided by contextual probabilities

(Bar, 2004; Summerfield & Egner, 2009; Summerfield & de Lange, 2014). Because the

DK Whole Grain label is common on bread but not dairy products, a consumer is more

likely to perceive a DK Whole Grain copycat as the DK Whole Grain label on a bread

product. Interpretation of labels may also be influenced by a consumer’s expectations of

other variables, such as price (e.g., organic products are more expensive; Juhl et al.,

2017), shelf position (e.g., premium products are positioned on top shelves; Valenzuela

et al., 2013), brand (e.g., national products more frequently include certified labels),

category (e.g., certified labels are only used in relevant categories;

Danish Veterinary and Food Administration, 2019; FLOCERT, 2021a), and label position

(e.g., certified labels are positioned in predictable locations on a product; Orquin et al.,

2020).

Taken together, we show that copycat labels produce an initial bias toward

mistakenly perceiving copycat labels as copied certified labels. This bias cannot always

be corrected by subsequent processes. In natural environments, such as a supermarket,

subsequent corrective processes may, among other things, fail due to time pressure,

distraction, or fatigue.

Future directions

We open a new research path by showing that marketers likely copycat certified

labels. To refine both the practical implications for marketers and policy makers and to

enhance our theoretical understanding, we outline some relevant pathways. Specifically,

dedicated choice studies are required to answer the question whether copycat confusion

translates into consumer choice. That is, do consumers, as a result of copycat labels,

erroneously purchase products based on false beliefs about product features? If
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copycatting affects consumer welfare, this calls for consumer protection practices. Also,

dedicated eye-tracking studies are required to answer the question whether copycat

confusion is primarily driven by covert or overt attention. Results could inform marketers

and policy makers on how to design labels that consumers would not confuse with

certified labels.

Conclusion

In this research, we show that marketers likely copycat third-party certified labels

(i.e., that marketers deliberately use unregulated labels that are visually similar to

certified labels and confusing to consumers). That is, the identified copycat labels are

visually similar to one of the four relevant certified labels; they are over-represented on

national products and products that potentially could, but do not, include the copied

certified labels; and participants often confuse copycat labels with certified labels,

responding that products with copycat labels include the certified labels.

Time-continuous mouse-tracking data shows that this confusion stems from an early bias

that participants sometimes, but most often do not, correct.
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Appendix

Figure A1

Coding protocol in Study 1
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Figure A2

Stimuli extracted from Study 1 used in the 96 trials in Study 2

Note. The figure displays 96 products (24 sets; 5 blocks) used as stimuli in Study 2. Each set

(column) includes one product with a certified label (certified condition), one with a copycat

label of the certified label (copycat condition), and two control products with neither (control

condition). Percentages show how often the 64 participants responded that a product includes

the certified label.
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Table A1

Confirmatory mixed-effects regression analysis (using a binomial model with the logit link

and a random intercept and slope for participants and sets) estimating the probability of

responding yes in Study 2

Estimate SE z p

copycat (intercept) -0.26 0.20 -1.31 .1902

control -2.05 0.26 -7.93 <.0001

certified 1.88 0.26 7.25 <.0001

Number of observations 6144
Number of participants 64
Number of sets 24

AIC 5493
BIC 5594
Log-likelihood -2731
Residual degrees of freedom 6129

Variance (participant:copycat) 0.487
Variance (participant:control) 0.163
Variance (participant:certified) 0.599
Variance (set:copycat) 0.700
Variance (set:control) 1.325
Variance (set:certified) 1.169
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Abstract

The organic label makes a production-related claim unrelated to nutrition, yet

consumers believe organic food is more nutritious, and concerns with health motivate

organic consumption. This research investigates if the consumer belief is accurate. An

observational supermarket study, which compares macro-nutrition (i.e., energy, saturated

fat, sugar, sodium, and protein) of 4,654 processed groceries (13.52% organic), indicates

that organic groceries are more nutritious across and within product categories.

Therefore, the organic label is an ecologically valid cue for nutrition. Also, organic

groceries comprise fewer ingredients and are more expensive per unit.

Keywords: decision making, food labels, health beliefs, Nutri-Score, nutrition,

organic
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Organic groceries are more nutritious

Introduction

Many people want to eat healthy (Mackison et al., 2009), but it is difficult to

know if food is healthy, because additives, energy, and nutrients are invisible to

consumers evaluating products in front of the supermarket shelf (Hagen, 2021). While

prepackaged food products must include a nutrition declaration and a list of ingredients

(Your Europe, 2021), consumers only look at a product for around half a second on

average (Gidlöf et al., 2013), and they may not pick up a product to scrutinize its

nutrition declaration or list of ingredients before making a decision. Instead, consumers

readily infer healthiness from external cues, including nutrition labels (Ikonen et al.,

2019), organic labels (Hughner et al., 2007; Yiridoe et al., 2005), a product’s appearance

(Hagen, 2021), and its name (Irmak et al., 2011). Nutrition labels (such as the Nordic

Keyhole label) are ecologically valid cues for nutrition and, hence, healthiness. The

Nordic Keyhole label communicates that a product is among the most nutritious in its

product category. Unlike nutrition labels, the organic label makes a production-related

claim unrelated to nutrition or healthiness. Yet, consumers believe organic food is

healthier (Singh & Verma, 2017), believing it includes fewer harmful chemicals (Ditlevsen

et al., 2019; Hoefkens et al., 2009; Hughner et al., 2007), and that it is more nutritious

(Ditlevsen et al., 2019; Lee et al., 2013; Schuldt & Schwarz, 2010). In fact, consumers

report that organic consumption improves well-being (Apaolaza et al., 2018), and health

is an important motivation for organic consumption (Ditlevsen et al., 2019).

This research investigates if the organic label is an ecologically valid cue for

nutrition. Specifically, it investigates if processed organic groceries are more nutritious

than non-organic options from the same category. This is of significant importance to

consumers, because they pay up to 120% more for organic groceries in some categories

(Juhl et al., 2017). Hence, I test whether health-conscious consumers receive what they

pay for, if they purchase organic groceries for the perceived nutritional benefits. In the

following section, I elaborate the conceptual background on food labels and the

healthiness of organic food. Then, I report an observational web-scraping study
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examining macro-nutrition of processed groceries from an online supermarket.

Conceptual background

The Organisation for Economic Co-operation and Development (OECD)

recognizes food labels, communicating complex information in a simple way, as an

important tool to tackle obesity and unhealthy diets. Food labels help consumers make

informed decisions between a multitude of products in the supermarket (OECD, 2018).

Most Danish consumers are familiar with several food labels (such as organic labels,

animal welfare labels, and nutrition labels; DAFC, 2017), and consumers only need to

detect a label to infer properties of a product (van Herpen et al., 2014). Of the food labels

used in Denmark, the Nordic Keyhole label is the most ecologically valid cue for nutrition

(Orquin, 2014), but it is only used in categories with relatively nutritious products (for a

description of categories, see DVFA, 2019), and it is only included on the most nutritious

options from these categories (such as skimmed milk but not semi-skimmed milk).

Because the Nordic Keyhole label is not available in all categories, health-conscious

consumers must familiarize themselves with other cues for nutrition to reduce the chance

of choosing at random (Berretty et al., 1999). Unlike the Nordic Keyhole label, the

organic label is potentially available in all categories, and approximately 97% of Danish

consumers are familiar with the Danish organic label (DAFC, 2017).

Studies indicate that organic consumption may reduce exposure to potentially

harmful pesticide residues (Baranski et al., 2014; Smith-Spangler et al., 2012), but they

do not conclusively identify differences in micro-nutrition (such as minerals and vitamins)

or macro-nutrition (such as carbohydrates and protein) between organic and non-organic

food (for reviews, see Dangour et al., 2010; Magkos et al., 2003; Smith-Spangler et al.,

2012). Some studies report that organic food includes higher concentrations of

carbohydrates, lower levels of protein, amino acids, and fiber, but these small differences

are unlikely to have any health impact (Baranski et al., 2014). While controlled studies

do not identify meaningful differences in nutrition between organic and non-organic food,

studies typically analyze unprocessed food (e.g., carrots, potatoes, or plums;

Smith-Spangler et al., 2012). In the supermarket, consumers face a greater variety,
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including processed groceries (such as bread, cheese, and tomato sauce), and organic

groceries tend to be healthier, because healthy unprocessed groceries often are organic

(Perkovic & Orquin, 2018); they argue that it is easier to organically certify unprocessed

groceries, because they only comprise one ingredient. Specifically, 95% of ingredients

must be organic for a product to be certified organic in the EU (DVFA, 2020;

Regulation (EU) 2018/848, 2018), and only 14% of additives approved by the European

Food Safety Authority are approved in organic products (DAFC, 2010; DVFA, 2020;

Regulation (EU) 2018/848, 2018).

Potatoes are relatively healthy and sometimes organic – potato chips are typically

neither. Therefore, the organic label can guide consumers toward healthy products across

categories (i.e., toward potatoes), but consumers rarely decide between potatoes and

chips. Instead, they decide between products from the same category, in which they use

the organic label to judge the healthiest product (e.g., within dark bread, hard cheese, or

tartare sauce; Perkovic & Orquin, 2018). But are organic options healthier, or is the

correlation between a product being organic and it being healthy driven by category

alone?

Present research

The main objective of this research is to investigate if organic groceries are more

nutritious. First, it investigates if processed organic groceries are more nutritious across

categories. Next, it compares nutrition of processed groceries from the same category,

and it, thereby, simulates a realistic scenario, where consumers decide on important

categories, before they enter the supermarket (Block & Morwitz, 1999), but make most

decisions within a category in the supermarket (Bell et al., 2011; Hui et al., 2013). This

way, it investigates if the organic label is an ecologically valid cue for nutrition that can

guide consumers toward nutritious options.

Further, this research makes two additional inquiries. First, building on research

showing that organic groceries are more expensive (Juhl et al., 2017), it estimates the

organic price premium. Specifically, organic groceries may be more expensive due to

increases in retail price or decreases in package size. Second, research argues that
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unprocessed groceries often are organic, because it is easier for producers to organically

certify groceries that only comprise one ingredient (Perkovic & Orquin, 2018). Building

on this, this research investigates if processed organic groceries (that include more than

one ingredient) also include fewer ingredients than their non-organic counterparts.

Study

In the study, I compared macro-nutrition (i.e., energy, saturated fat, sugar,

sodium, and protein) of processed groceries (i.e., food products) to test whether there is a

correlation between groceries being organic and nutritious. Category was included as a

random effect in linear mixed models to examine whether organic groceries are more

nutritious than non-organic options from the same category.

Method

The final sample includes 4,654 processed groceries of which 629 (13.52%) are

organic. Nutri-Score, ranging from -5 for the most nutritious to 40 for the least nutritious,

is the dependent continuous variable. The organic label is the predictor (i.e., fixed effect

in linear mixed models). I did not distinguish between different organic labels (such as

Bio-Siegel, the Danish organic label, Debio, or the EU organic label). Linear mixed

models include a random intercept and slope for categories. There are four layers of

categories, where layer 1 (e.g., colonial; Table 1) is the least specific, and layer 4 (e.g.,

chips; Table A1) is the most specific. I ran one linear model across categories and one

linear mixed model per layer.

Data collection and availability

Data collection, (pre-)processing, and statistical analyses were performed in R (R

Core Team, 2020). I specifically used the RSelenium package (Harrison, 2020) to

web-scrape (i.e., automate online data collection) and the lme4 package (Bates et al.,

2015) for the linear mixed modeling. I collected data on all food and beverage products

from the online supermarket with the largest assortment in Denmark (but I only

analyzed processed food products). Its parent company has a total market share of

around 35% (Salling Group, 2020), meaning many consumers are familiar with the

sampled products. All scripts and data are available at Open Science Framework.
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Nutri-Score

Nutri-Score (i.e., the dependent continuous variable) is a nutritional rating system

and food label that uses a combination of points, colors, and letters to simplify and

communicate nutritional information. It was created by the French Public Health Agency

and was first introduced in France. It is recommended by health authorities in several

Western-European countries (Chantal & Hercberg, 2017; French Public Health Agency,

2021), but is criticized for ignoring national guidelines (van Tongeren & Jansen, 2020).

Despite this criticism, it is probably the best available measure of nutrition to this study.

This study specifically used its points system as a measure of nutrition. A product’s

nutrition declaration was used to compute the Nutri-Score (i.e., points). Normally, the

Nutri-Score ranges from -15 for the most nutritious to 40 for the least nutritious.

Specifically, a product receives 0 to 10 points for its levels of energy, saturated fat, sugar,

and sodium, respectively. 0 to 5 points are subtracted for its levels of fiber; protein; and

fruits, vegetables, and nuts; respectively (for a detailed description, see Chantal &

Hercberg, 2017). In Denmark, a nutrition declaration must include the energy level (i.e.,

kilojoules and calories per 100 grams) and levels of the following nutrients: fat, saturated

fat, carbohydrates, sugar, salt, and protein per 100 grams (DVFA, 2016). Producers are

not mandated to declare contents of fiber or fruits, vegetables, and nuts. Therefore, I

excluded these components from the Nutri-Score (i.e., the Nutri-Score ranged from -5 for

the most nutritious to 40 for the least nutritious).

Product category

All groceries are from the same supermarket (i.e., layer 0), which includes four

basic (i.e., layer 1) categories (Table 1): bakery (N = 578), colonial (i.e., long-lasting;

N = 2,474), cooled (N = 1,314), and frozen (N = 288). Further, there are 22

subcategories (i.e., layer 2), 102 further subcategories (i.e., layer 3), and 1,228 further

subcategories (i.e., layer 4). For a detailed overview of categories, see Table A1. A

package of Lay’s potato chips, for instance, is part of the following categories: colonial

(i.e., layer 1); candy and snacks (i.e., layer 2); chips, nuts, and snacks (i.e., layer 3); and

chips (i.e., layer 4), meaning layer 4 is the most specific. If a product was not part of a
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layer 4-category, its product name was used as replacement. First, I ran one confirmatory

linear model to test whether organic groceries are more nutritious across categories (i.e.,

layer 0). Then, I ran one confirmatory linear mixed model per layer of categories (i.e.

four linear mixed models; Figure 1). Linear mixed models include category (i.e., the

relevant layer) as a random effect (i.e., a random intercept and slope for categories).

Including a random intercept resolves the nonindependence issue that organic groceries

are more nutritious, if they tend to be from nutritious categories. Including a random

slope allows the relationship between a product being organic and it being nutritious to

vary between categories (Brown, 2021). With only four layer 1-categories, layer 1 includes

fewer categories (i.e., levels) than is recommended in linear mixed modeling (Oberpriller

et al., 2021). Data are unbalanced, because only some categories include both organic

and non-organic groceries. Specifically, all layer 1- and layer 2-categories, 68 of 102

layer 3-categories, and 142 of 1,228 layer 4-categories include both organic and

non-organic groceries. Linear mixed modeling is suited to unbalanced data, and all data

were included (West et al., 2014). Excluding groceries from categories lacking organic or

non-organic groceries produced similar estimates (Figure A1 compared to Figure 1).

Nordic Keyhole label

In addition to the organic label, I also identified whether a product includes the

Nordic Keyhole label. The Nordic Keyhole label is relevant for two reasons. First, I

investigated whether organic groceries more frequently include the Nordic Keyhole label.

This would indicate that consumers observe a co-occurrence of organic groceries and an

objectively valid cue for nutrition (i.e., the Nordic Keyhole label). This could reinforce

the belief that organic food is more nutritious (Hagen, 2021). Second, because the Nordic

Keyhole label is only available in relatively nutritious categories, I also investigated

whether consumers can use the the organic label as a cue for nutrition in categories, where

the Nordic Keyhole label is unavailable (i.e., when consumers must rely on other cues).

Additional tests

Finally, I ran two additional tests. First, I investigated whether organic groceries

are more expensive per unit (i.e., whether they differ in price and size). Second, I
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investigated whether organic groceries include fewer ingredients.

Exclusions

I analyzed processed groceries (i.e., food products that comprise more than one

ingredient), because organic ingredients, alone, were not expected to be more nutritious

(for reviews, see Dangour et al., 2010; Magkos et al., 2003; Smith-Spangler et al., 2012).

Also, non-prepackaged products (which often are unprocessed) may not include a

nutrition declaration (DVFA, 2016), and categories of single-ingredient products are not

covered by Nutri-Score (French Public Health Agency, 2021). First, I excluded products

(N = 5,674) from selected categories. In particular, I excluded products from categories

not covered by Nutri-Score, such as fruits and vegetables and meat and fish (i.e., layer 1).

I also excluded beverages (i.e., layer 1), because Nutri-Score is computed differently for

beverages, which makes it difficult to compare nutrition between food and beverage

products. Next, I excluded products with incomplete data (N = 197), and I finally

excluded single-ingredient products from the remaining categories (N = 124). The final

sample includes 4,654 processed groceries of which 629 (13.52%) are organic.

Results

First, a confirmatory linear model showed that organic groceries receive a lower

Nutri-Score across categories, NS = −2.71, 95% CI = [-3.32, -2.10], t = −8.71, p < .001,

indicating they are more nutritious (leftmost panel in Figure 1). Overall, organic

groceries also include the Nordic Keyhole label more frequently than non-organic

groceries (13.20% versus 6.73%), χ2(1, 4654) = 31.42, p < .001.

Next, I ran four confirmatory linear mixed models with a random intercept and

slope for categories. Organic groceries receive a significantly lower Nutri-Score with a

random intercept and slope for layer 1-categories: NS = −2.33, 95% CI = [-3.71, -0.95],

t = −3.32, p = .043 ; layer 2-categories: NS = −1.30, 95% CI = [-2.36, -0.24],

t = −2.40, p = .027; layer 3-categories: NS = −0.79, 95% CI = [-1.38, -0.19],

t = −2.59, p = .012; and layer 4-categories: NS = −0.69, 95% CI = [-1.11, -0.27],

t = −3.22, p = .002 (Figure 1). Further, organic groceries receive a lower Nutri-Score in

categories without the Keyhole label (Figure A2).
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Table 1

Average Nutri-Score in layer 1-categories

Category N Organic NS (organic) NS (non-organic) Difference
Bakery 578 12.11% 9.39 12.25 -2.87
Colonial 2474 14.27% 9.07 12.75 -3.68
Cooled 1314 13.47% 9.59 10.64 -1.05
Frozen 288 10.07% 5.90 8.46 -2.57

Average Nutri-Score (NS) of organic and non-organic groceries and average difference in NS

between organic and non-organic groceries in basic (i.e., layer 1) categories. A negative

difference indicates that organic groceries, on average, are more nutritious.

Figure 1

Predicted Nutri-Score in linear (mixed) models

Note. The predicted Nutri-Score of organic and non-organic groceries. The figure includes one

plot per model. All groceries are from the same supermarket, which is represented by layer 0.

Therefore, layer 0 includes a single intercept and slope. In the remaining plots, every category

has a random intercept and slope. Each line represents a category and is colored according to its

layer 1-category. There are four layer 1-categories, 22 layer 2-categories, 102 layer 3-categories,

and 1,228 layer 4-categories.
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Finally, I made two additional investigations. First, while retail prices do not

differ, DKK = −0.25, 95% CI = [-1.59, 1.09], t = −0.37, p = .715, organic packages

include less contents, gm = −49.23, 95% CI = [-67.44, -31.02], t = −5.30, p < .001,

making organic groceries more expensive per unit, DKK/kg = 19.28, 95% CI = [9.37,

29.20], t = 3.81, p < .001, which is equivalent to a 17.01% premium (with a random

intercept for layer 4-categories). Second, a linear mixed model with a random intercept

and slope for layer 4-categories indicated that organic groceries include fewer

ingredients = −6.06, 95% CI = [-6.68, -5.45], t = −19.20, p < .001 (counting additives).

Discussion

Consumers believe organic food is healthier, which motivates organic consumption

(Ditlevsen et al., 2019). Results indicated that this belief is accurate. Specifically,

processed organic groceries received better Nutri-Scores than processed non-organic

groceries across and within product categories. Also, organic groceries are more expensive

and include fewer ingredients.

Producers are not mandated to declare contents of fiber or fruits, vegetables, and

nuts, which are used to compute the original Nutri-Score, and I, therefore, computed a

simplified version without these two components. Future research could apply the

original Nutri-Score or other measures of nutrition. I investigated the Danish retail

market, which is one of the leading organic markets (DAFC, 2020). Future research could

investigate if the results generalize to other geographical markets.

Practical and theoretical implications

The results involve consumers and producers. Specifically, consumers can use the

organic label as an ecologically valid cue for nutrition. Importantly, the relationship

between groceries being organic and nutritious persists in categories that do not include

the Nordic Keyhole label (i.e., the most ecologically valid cue for nutrition), which means

the organic label can guide consumers toward nutritious groceries, where the Nordic

Keyhole label is unavailable. Therefore, using more than one cue for nutrition reduces the

chance that health-conscious consumers must choose at random (Berretty et al., 1999).

The difference in nutrition between organic and non-organic groceries is greater
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across than within categories. This indicates that organic groceries, in part, are more

nutritious, because groceries from nutritious categories often are organic. If consumers do

not account for this, when they learn that organic groceries are more nutritious (e.g., if

they observe that organic groceries often include the Nordic Keyhole label), consumers

may overestimate the nutritional benefits of organic consumption.

Legal and consumer demands might help explain why processed organic groceries

are more nutritious. First, it may be easier to organically certify relatively nutritious

options. Specifically, single-ingredient (i.e., unprocessed) groceries tend to be more

nutritious, and it may be more challenging to organically certify groceries comprising

more ingredients (i.e., 95% of a product’s ingredients must be organic and only 14% of

additives approved by the European Food Safety Authority are approved in organic food

products; DAFC, 2010; DVFA, 2020; Perkovic & Orquin, 2018;

Regulation (EU) 2018/848, 2018). Therefore, some producers would need to reformulate

products before using the organic label. Second, producers use knowledge of consumers

to develop and market food products (Grunert et al., 2005; Grunert et al., 2008). For

instance, organic consumers are concerned with nutrition and purity (Aslihan Nasir &

Karakaya, 2014; Ditlevsen et al., 2019). With this in mind, healthy brands probably

benefit more from using the organic label, and organic producers may decide to use fewer

or more nutritious ingredients (counting additives) to meet the demands of their target

groups.

Results indicated that organic packages include less contents. Presumably,

producers downsize organic groceries relative to non-organic groceries to raise unit prices

without raising retail prices (Kachersky, 2011; Yao et al., 2020). Consumers are less

sensitive to changes in package size compared to changes in retail price (Çakır &

Balagtas, 2014), and consumers often do not notice downsizing (Wilkins et al., 2016).

Consumers use the package size to infer product weight or volume (Chandon &

Ordabayeva, 2009), and downsizing can, therefore, deceive consumers, if producers reduce

the weight or volume without reducing the package itself (i.e., slack filling; Wilkins et al.,

2016). Hence, while only some consumers are willing to pay the organic price premium
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(Aschemann-Witzel & Zielke, 2017), consumers may not always notice that organic

groceries are downsized and, therefore, more expensive per unit.

Downsizing could also impact health and waste. Research shows that larger

portion sizes make people eat more (Steenhuis et al., 2010; van Kleef et al., 2014;

Wansink et al., 2005; Young & Nestle, 2002). With this in mind, organic consumers may

benefit from smaller portion sizes. Another potential effect of downsizing is on waste

(Mena et al., 2011). On the one hand, downsizing creates a greater packaging burden per

unit of content. On the other hand, downsizing may reduce food waste that result from

overeating and food spoilage. That is, downsizing may optimize the carbon footprint at

the point of consumption at the expense of the carbon footprint at the point of purchase

(Vanclay et al., 2011).

Conclusion

Even though the organic label makes a production-related claim – unrelated to

nutrition – the organic label is, as a rule of thumb, an ecologically valid cue for nutrition.

As a rule, the Nordic Keyhole label is a valid cue for nutrition, but it is only available in

selected categories. Importantly, the organic label can also guide consumers toward

relatively nutritious options in categories where the Nordic Keyhole label is not available.
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Appendix

Figure A1

Predicted Nutri-Score in categories with both organic and non-organic groceries (in linear

mixed models)

Note. Categories without organic or non-organic groceries have been excluded. All layer 1- and

layer 2-categories include both organic and non-organic groceries.
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Figure A2

Predicted Nutri-Score in categories without the Nordic Keyhole label (in linear mixed

models)

Note. Categories with the Nordic Keyhole label have been excluded. All layer 1-categories

include the Nordic Keyhole label.
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Table A1

Average Nutri-Score (showing categories that include both organic and non-organic products)

Layer 1

category

Layer 2

category

Layer 3

category

Layer 4

category

N Organic Nutri-

Score

(organic)

Nutri-

Score

(non-

organic)

Difference

Bakery 578 12% 9.39 12.25 -2.87

Cake 184 5% 18.78 18.27 0.50

Biscuits and cookies 94 7% 18.14 18.85 -0.71

Biscuits sprinkled w/ granulated sugar 4 25% 19.00 18.67 0.33

Ginger bread 6 17% 19.00 19.40 -0.40

Peppernuts 3 33% 18.00 15.00 3.00

Waffles 24 8% 21.00 19.18 1.82

Crackers and crispbread 227 19% 9.81 13.08 -3.27

Crackers 170 19% 10.64 15.47 -4.84

Chocolate- and sweet biscuits 88 10% 13.78 18.56 -4.78

Coarse crackers 23 30% 9.00 13.00 -4.00

Croutons and grissini 15 13% 7.50 9.23 -1.73

Rice and corn crackers 19 53% 8.60 8.44 0.16

Rye bread snacks 9 56% 12.60 10.75 1.85

Crispbread 53 17% 6.78 6.00 0.78

Crispbread 3 33% 4.00 7.00 -3.00

Glutenfree crispbread 2 50% 9.00 12.00 -3.00

Whole grain crispbread 17 6% 3.00 3.56 -0.56
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Rusk and crusts 4 25% 10.00 7.67 2.33

Fibre crusts 2 50% 10.00 8.00 2.00

Food- and speciality-bread 52 12% 5.17 6.13 -0.96

Burger buns 16 19% 3.67 6.23 -2.56

Burger buns 5 40% 4.50 4.33 0.17

Whole grain burger buns 3 33% 2.00 2.50 -0.50

Entire breads 8 12% 3.00 3.71 -0.71

Baguette 2 50% 3.00 3.00 0.00

Patty shells and croustades 8 12% 16.00 16.00 0.00

Patty shells 3 33% 16.00 15.50 0.50

Pita bread 8 12% 1.00 2.86 -1.86

Rye bread 48 17% 3.25 3.33 -0.08

Rye bread (other) 7 14% 5.00 3.50 1.50

Rye bread w/ seeds 25 16% 3.25 3.43 -0.18

Rye bread w/ linseeds 2 50% 2.00 3.00 -1.00

Rye bread w/ seeds 17 18% 3.67 4.14 -0.48

Rye bread w/ sunflower seeds 11 27% 2.67 3.00 -0.33

Rye bread w/ sunflower seeds 11 27% 2.67 3.00 -0.33

White and coarse bread 67 6% 2.25 3.24 -0.99

Buns 30 13% 2.25 2.81 -0.56

Multi seed buns 3 33% 3.00 2.50 0.50

Rye buns 3 33% 1.00 1.00 0.00

Colonial 2474 14% 9.07 12.75 -3.68

Breakfast, bread spread, and marmalade 332 27% 9.14 10.32 -1.17

Breakfast products 121 27% 4.91 6.74 -1.83
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Cornflakes 7 14% 5.00 5.67 -0.67

Muesli 66 33% 5.14 7.66 -2.52

Other breakfast products 39 8% 4.00 5.97 -1.97

Porridge mixes 9 78% 4.57 3.50 1.07

Chocolate slices 16 19% 22.67 21.00 1.67

Fruit sandwich slices 8 25% 11.00 12.33 -1.33

Fruit rolls w/ fig 2 50% 11.00 12.00 -1.00

Fruit sandwich slices w/ fig 2 50% 11.00 12.00 -1.00

Marmalade, jam, and jelly 154 25% 10.51 10.54 -0.03

Apricot marmalade 10 30% 10.00 8.71 1.29

Blackberry and boysenberry marmalade 11 9% 11.00 11.40 -0.40

Orange marmalade 17 24% 10.25 12.46 -2.21

Other marmalade, jam, and jelly 73 25% 10.89 10.42 0.47

Raspberry marmalade 18 33% 10.17 10.00 0.17

Strawberry marmalade 25 28% 10.14 10.11 0.03

Nut- and chocolate-spread 18 33% 13.00 19.00 -6.00

Almond butter 2 50% 7.00 6.00 1.00

Breadspread w/ hazelnuts and cocoa 4 25% 19.00 18.67 0.33

Peanut butter 15 53% 11.50 15.14 -3.64

Creamy peanut butter 5 60% 10.67 15.50 -4.83

Crunchy peanut butter 5 60% 11.00 14.00 -3.00

Candy and snacks 1080 9% 14.29 17.42 -3.12

Chips, nuts, and snacks 345 7% 11.33 13.31 -1.98

Chips 172 10% 9.76 12.45 -2.69

Nuts (snacks and mixes) 89 2% 15.50 14.75 0.75
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Other snacks 52 10% 15.00 11.64 3.36

Chokolate 398 4% 18.47 21.23 -2.76

Chocolate bars 108 13% 18.50 21.26 -2.76

Dragée 24 4% 18.00 21.09 -3.09

Christmas candy 139 1% 23.00 20.61 2.39

Dried fruit, fruit snacks, and bars 198 26% 14.12 13.48 0.64

Dried fruit 54 26% 15.14 13.32 1.82

Fruit snacks and bars 54 20% 13.09 12.23 0.86

Granola bars 89 28% 14.12 14.41 -0.29

Conservatives, bouillon, and spices 535 21% 5.45 5.97 -0.52

Canned fish and shellfish 103 1% 0.00 2.96 -2.96

Mackerel 19 5% 0.00 2.28 -2.28

Canned meat 23 4% 15.00 7.50 7.50

Conserved fruits and vegetables 154 38% 2.28 3.99 -1.71

Asparagus 9 11% 1.00 2.12 -1.12

Beans 34 56% -0.79 0.13 -0.92

Bread spread 12 92% 9.91 16.00 -6.09

Chick peas, grains, and lentils 25 68% -1.18 -0.62 -0.55

Corn and baby corn 13 23% 1.00 1.10 -0.10

Other conserved vegetables 40 18% 7.71 7.21 0.50

Olives 47 26% 13.17 13.43 -0.26

Green olives 3 67% 12.50 12.00 0.50

Green olives w/ almonds 3 33% 11.00 11.50 -0.50

Green olives w/ garlic 2 50% 11.00 13.00 -2.00

Green olives w/ red bell pepper 3 33% 13.00 13.00 0.00
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Kalamata olives w/ stone 3 33% 13.00 13.00 0.00

Kalamon olives 2 50% 14.00 14.00 0.00

Pesto and tapenade 53 30% 14.56 15.24 -0.68

Green pesto 19 26% 16.40 17.14 -0.74

Red pesto 25 32% 13.88 14.41 -0.54

Tapenade 9 33% 13.33 13.17 0.17

Pickled preserves 53 11% 4.67 6.72 -2.06

Other pickled preserves 16 6% 5.00 9.13 -4.13

Pickled beetroot 8 25% 2.50 2.00 0.50

Pickled cucumber 15 7% 5.00 6.79 -1.79

Pickled red cabbage 10 20% 6.50 6.88 -0.38

Tomatoes in glass or can 102 17% 2.29 3.91 -1.61

Chopped tomatoes 20 15% 0.00 1.41 -1.41

Peeled tomatoes 12 25% 0.00 0.00 0.00

Sauce (pasta and pizza) 52 13% 2.57 4.40 -1.83

Sundried tomatoes 6 17% 4.00 13.00 -9.00

Tomato purée 12 25% 5.67 5.00 0.67

Flour, sugar, and baking 99 7% 6.71 13.75 -7.04

Baking articles 72 3% 16.50 16.19 0.31

Baking chocolate 31 3% 23.00 22.53 0.47

Marzipan and nougat 14 7% 10.00 9.62 0.38

Dessert 27 19% 2.80 6.00 -3.20

Fruit porridge, pudding, and soufflé 27 19% 2.80 6.00 -3.20

Oil, vinegar, dressing, and sauce 274 10% 13.11 12.35 0.76

Dressing and additions 236 9% 14.41 12.86 1.54
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Fastfood dressing 32 3% 9.00 12.52 -3.52

Ketchup 33 18% 13.17 10.59 2.57

Mayonnaise and aioli 54 13% 18.71 14.62 4.10

Mustard 26 8% 8.50 8.67 -0.17

Roasted onions 9 11% 21.00 18.88 2.12

Salad dressing 50 8% 11.50 14.07 -2.57

Tartare sauce 14 7% 14.00 8.38 5.62

Sauce 38 13% 7.40 9.00 -1.60

Other sauces 13 15% 5.00 6.73 -1.73

Ready-made sauce 25 12% 9.00 10.14 -1.14

Pasta, rice, and legumes 30 37% -0.45 0.21 -0.67

Pasta 20 55% -0.45 -0.22 -0.23

Lasagne pasta 7 57% 0.00 -0.33 0.33

Spaghetti 13 54% -0.71 -0.17 -0.55

Ready meal and soup 124 11% 3.86 4.47 -0.62

Canned ready meals 16 6% 2.00 1.80 0.20

Pasta dish 32 3% 11.00 5.87 5.13

Lasagne dinner kit 3 33% 11.00 13.00 -2.00

Soup 40 12% 4.20 5.06 -0.86

Tomato soup 5 20% 3.00 4.00 -1.00

Tomato soup w/ thyme 2 50% 4.00 4.00 0.00

Vegetarian ready meals 21 33% 2.86 4.79 -1.93

Vegan falafel mix 2 50% 2.00 10.00 -8.00

Cooled 1314 13% 9.59 10.64 -1.05

Bacon, sausages, and toppings 97 8% 14.25 14.24 0.01
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Bacon 22 9% 18.00 15.50 2.50

Bacon (cubes) 8 12% 18.00 14.00 4.00

Bacon (sliced) 11 9% 18.00 17.00 1.00

Other toppings 5 20% 21.00 16.50 4.50

Pepproni (sliced) 2 50% 21.00 21.00 0.00

Sausages 59 8% 11.40 14.98 -3.58

Sausages (beef) 3 33% 14.00 14.50 -0.50

Sausages (brunch) 7 29% 12.00 16.40 -4.40

Sausages (chicken) 3 33% 5.00 14.50 -9.50

Sausages (pork) 44 2% 14.00 15.28 -1.28

Cold cuts 422 7% 13.74 9.77 3.97

Fish toppings 118 3% 5.75 9.15 -3.40

Fish cake 10 10% 9.00 2.33 6.67

Other fish toppings 11 9% 5.00 8.10 -3.10

Shrimp 13 8% 2.00 3.58 -1.58

Smoked fish 40 2% 7.00 7.41 -0.41

Liver paste and pâté 35 9% 13.33 9.88 3.46

Liver paste 4 50% 14.00 11.00 3.00

Lunch meats 189 12% 15.65 11.70 3.95

Sliced meat 116 9% 12.80 9.75 3.05

Whole sandwich sausages 58 22% 17.85 18.16 -0.31

Plantbased cuts 6 17% 3.00 5.60 -2.60

Dairy 552 21% 9.07 11.51 -2.44

Butter and fat 37 24% 22.78 21.82 0.96

Butter 12 58% 23.00 24.60 -1.60
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Spreadable 11 18% 22.00 22.00 0.00

Cheese 324 17% 14.18 14.92 -0.74

Cheese (grated) 19 21% 14.75 15.80 -1.05

Cheese (hard) 59 17% 15.60 15.24 0.36

Cheese (moulded and brie) 43 9% 15.75 15.87 -0.12

Cheese (sliced) 45 18% 15.25 16.22 -0.97

Cheese (snack) 9 11% 18.00 15.38 2.62

Cheese (speciality) 68 26% 14.17 16.04 -1.87

Cheese (spread) 48 10% 13.00 13.35 -0.35

Cottage cheese 10 30% 4.00 0.71 3.29

Feta and salad cheese 16 12% 17.50 16.50 1.00

Mozarella 7 14% 9.00 10.00 -1.00

Plantbased alternatives 44 59% 1.69 3.83 -2.14

Butter and fat alternatives 3 67% 22.00 23.00 -1.00

Cream alternatives 5 20% 2.00 10.00 -8.00

Milk alternatives 28 79% -0.05 0.33 -0.38

Yogurt alternatives 8 12% -1.00 0.57 -1.57

Yoghurt and soured milk 107 21% 0.00 -0.12 0.12

Buttermilk 3 33% -2.00 -2.00 0.00

Skyr 19 37% -4.14 -4.33 0.19

Sour cream 14 29% 10.00 6.00 4.00

Soured whole milk 6 33% -2.00 -0.75 -1.25

Yogurt 50 18% -0.56 -0.27 -0.29

Fresh pasta 30 20% -2.00 5.12 -7.12

Fresh lasagne pasta 2 50% -2.00 -2.00 0.00

105



Lasagne pasta 2 50% -2.00 -2.00 0.00

Fresh pasta w/o filling 14 36% -2.00 1.33 -3.33

Fettuccine 3 33% -2.00 -2.00 0.00

Fettuccine w/ spinach 4 50% -2.00 -2.00 0.00

Ready meal 96 9% 3.00 5.59 -2.59

Dinner 45 4% 5.50 4.16 1.34

Creamed potatoes 3 33% 9.00 6.00 3.00

Rice porridge 2 50% 2.00 3.00 -1.00

Fresh dough 17 6% 5.00 9.88 -4.88

Pizza dough 3 33% 5.00 5.00 0.00

Meat alternatives 14 43% 1.83 3.62 -1.79

Sauce and dressing 35 9% 12.33 13.62 -1.29

Sauce 28 4% 10.00 13.44 -3.44

Bearnaise sauce 7 14% 10.00 14.67 -4.67

Tartare sauce and mayonnaise 7 29% 13.50 14.60 -1.10

Real mayonnaise 2 50% 17.00 18.00 -1.00

Tapas and specialities 82 6% 12.60 12.18 0.42

Olives and other additions 34 3% 13.00 13.91 -0.91

Pesto and hummus 39 8% 10.33 9.58 0.75

Hummus 2 50% 5.00 10.00 -5.00

Hummus w/ garlic 2 50% 6.00 4.00 2.00

Speciality sausages 6 17% 19.00 16.60 2.40

Frozen 288 10% 5.90 8.46 -2.57

Bread and cake 58 19% 3.09 7.66 -4.57

Aebleskiver and pancakes 5 40% 5.50 4.33 1.17
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Aebleskiver 4 25% 6.00 4.33 1.67

Breakfast rolls and buns 21 29% 2.00 3.87 -1.87

Skagenslapper 2 50% 2.00 3.00 -1.00

French loaf and entire bread 12 17% 3.50 6.30 -2.80

Sausage rolls, pita and pizza base 9 11% 4.00 6.00 -2.00

Ice cream 114 5% 11.00 12.21 -1.21

Ice cream in cup 77 8% 11.00 11.17 -0.17

Ice cream w/ nougat 2 50% 11.00 15.00 -4.00

Ice cream w/ vanilla 7 29% 10.00 11.80 -1.80

Ready meal 116 10% 5.92 4.93 0.98

Pizza 36 17% 6.00 5.13 0.87

Pizza margherita 2 50% 6.00 4.00 2.00

Pizza w/ prosciutto 2 50% 6.00 3.00 3.00

Soup 27 15% 6.50 5.09 1.41

Chicken soup 3 33% 5.00 0.00 5.00

Meat balls 3 33% 9.00 10.00 -1.00

Meat balls and dumplings 5 20% 6.00 7.00 -1.00

Vegetarian ready meals 12 17% 4.50 3.60 0.90
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Abstract

Deciding between airline companies or medical procedures, people rely on their memory

of similar experiences. A negative experience, such as a flight delay, could last minutes or

hours, but current research typically finds that people neglect the duration of past

experiences. That is, the duration of an experience may not explain retrospective

outcomes (including decisions or summary evaluations). The decision to engage in a

similar experience often takes place long after the original experience, but current

research overwhelmingly focuses on outcomes following directly after experiencing. We

investigate if the duration of a negative experience influences retrospective outcomes over

time. In our two-part study, participants view aversive pictures for one to ten minutes.

Participants require more money for repeating longer experiences, which they also

evaluate as worse, and this sensitivity to duration does not change over a two-week

period, suggesting the duration of a negative experience is more important than

previously assumed.

Keywords: Affective experience, negative experience, duration neglect, peak-end rule
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We neither neglect nor forget the duration of negative experiences

Everyday, we engage in affective (including positive and negative) experiences that

vary in intensity and duration. Negative experiences include medical procedures, sitting

in traffic, travel delays, and other inconveniences caused by service failures. When we

later decide whether to engage in similar experiences or between suppliers, our memories

of previous experiences are critical to our decision (Cowley, 2007). Service failures, such

as travel delays, are sometimes unavoidable (Hart et al., 1990; Jia et al., 2021), and

service-oriented companies try to minimize travellers’ discomfort, hoping travellers retain

a positive memory, by providing feedback on estimated delays and, in some cases, minor

compensations (Hui & Tse, 1996; Taylor, 1994).

While the value of a pleasure or pain is influenced by its intensity and duration

(Bentham, 1823), research finds that the duration of an affective experience does not

influence retrospective outcomes (Alaybek et al., 2022). Retrospective outcomes refer to

judgment and decision-making outcomes (such as the minimum price to repeat a negative

experience) and summary evaluations (such as evaluations on a scale). In most research

designs, the time (i.e., temporal gap) between experience completion and the moment of

retrospective outcomes is short (e.g., seconds or minutes; Alaybek et al., 2022; Strijbosch

et al., 2019). In this research, we study the influence of the duration of a negative

picture-viewing experience on retrospective outcomes over a two-week period.

When people judge or evaluate affective experiences from memory, they do not

weigh each moment equally. Learning difficult subjects and taking tests (Finn, 2010; Finn

& Miele, 2016), viewing plotless films (Fredrickson & Kahneman, 1993), immersing a

hand in cold water (Kahneman et al., 1993), enduring painful medical procedures

(Redelmeier & Kahneman, 1996; Redelmeier et al., 2003), and listening to unpleasant

sound sequences (Schreiber & Kahneman, 2000), people seem to base summary

evaluations on a few snapshots rather than the sum of all moments (Alaybek et al., 2022;

Fredrickson, 2000; Kahneman, 2000). This suggests that people do not remember all

moments, and that only some moments influence decision-making.

Fredrickson and Kahneman (1993) found that a simple average of the most intense
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and final moments of an affective experience explained summary evaluations. They

coined this effect the peak-end rule. While most prefer the prospect of a short over a long

medical procedure, the peak-end rule implies that the duration of an experience is of

little, if any, importance, when people evaluate an experience from memory. This

insensitivity to duration has produced the term duration neglect (Fredrickson &

Kahneman, 1993), and studies have shown that some people prefer a longer painful

experience over a shorter alternative, if the longer experience ends on a better note

(Fredrickson, 2000; Kahneman, 2000; Kahneman et al., 1993). Supporting these results, a

recent meta-analysis of the peak-end rule and duration neglect finds that the effect of

duration on retrospective outcomes is nil (Alaybek et al., 2022).

Duration neglect may, in part, be a consequence of certain experimental designs.

First, within-subjects designs, where participants engage in multiple experiences in the

same experimental session, may enhance neglect of duration. For instance, memories of

separate experiences may interfere with one another. In rats, the memory of a previous

session’s goal is more likely to interfere with the current goal, when sessions are separated

by only two hours, compared to 24 or 72 hours (Chrobak et al., 2008). Second, most

studies extend the duration of a negative experience to manipulate the intensity of its

ending rather than manipulating duration to investigate the influence of duration on

retrospective outcomes (Ariely, 1998; Ariely & Loewenstein, 2000; Morewedge et al.,

2009). While snapshot moments (such as peak and end moments) are important to

retrospective outcomes (Alaybek et al., 2022), these concerns suggest that the duration of

an experience may be more important than previously assumed.

Episodes remembered directly after experiencing may not be remembered at later

points in time (R. B. Anderson & Tweney, 1997; Wixted & Ebbesen, 1991). People rely

on episodic details, when they recall recent emotional states (such as anger or joy in the

last few hours), but general knowledge when they recall distant emotional states (such as

anger or joy in the last few years; Robinson & Clore, 2002). If forgetting makes people

rely on general knowledge instead of episodic details (Schwarz & Xu, 2011), variables

specific to an experience (including duration) may be less important to decision-making
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after a prolonged delay. People rarely make consumption decisions directly after

experiencing, but most studies ignore the timing of decisions and measure retrospective

outcomes at a single point in time – typically directly after experiencing (Alaybek et al.,

2022; Strijbosch et al., 2019). Some studies investigate the influences of peak and end

moments on summary evaluations over time (Dixon et al., 2017; Geng et al., 2013; Kemp

et al., 2008; Redelmeier et al., 2003; D. Wirtz et al., 2003), but we are not familiar with

studies that manipulate duration and investigate sensitivity to duration over time. In an

observational vacation study, participants rated how happy they were at the end of each

day of their vacation from 1 (very unhappy) to 7 (very happy; Geng et al., 2013). The

peak and end ratings predicted evaluation one day and three weeks after returning home,

but not after seven or eleven weeks, indicating forgetting plays an important role.

Addressing these issues and strengthening our understanding of decision-making

over time in the context of negative experiences, we conduct a two-part between-subjects

study, where we manipulate the duration of a negative experience (between one and ten

minutes) and the time between sessions (between one and fourteen days), examining the

influence of duration on retrospective outcomes over time. Specifically, retrospective

outcomes are measured after experiencing in the first session and one to fourteen days

later in the (follow-up) second session. Using a between-subjects design, where

participants engage in a single experience, we avoid that memories of multiple

experiences interfere with one another, and we expect that:

H1a: Duration predicts minimum price to repeat directly after experiencing.

H1b: Duration predicts evaluation directly after experiencing.

Using a two-part study resembles an ecological setting, where experiences and decisions

often are separated by time. With time, participants will forget details from the

experience, which might make them rely on general knowledge instead of episodic details.

Therefore, duration may play a smaller role, and we expect that:

H2a: Predicting minimum price to repeat, sensitivity to duration decreases

with time.

H2b: Predicting evaluation, sensitivity to duration decreases with time.
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Method

In an online two-part study, we investigated whether the duration of a negative

picture-viewing experience influenced retrospective outcomes directly after experiencing

and after up to two weeks. Similarly, previous research has studied the peak-end rule in

the context of affective pictures (Thomas et al., 2018). The random number of displayed

pictures was used as a measure of duration. In the first session, participants observed a

sequence of 20 to 200 aversive pictures, after which they expressed their minimum price to

repeat and summary evaluation. Participants were invited to complete the second session

one to fourteen days later, where they recalled the experience and, again, expressed their

minimum price to repeat and summary evaluation. The study and data collection were

preregistered at Open Science Framework. Data, code, and stimuli are available at Open

Science Framework. We processed and analyzed data in R (R Core Team, 2020). We

used the lme4 package (Bates et al., 2015) for generalized linear mixed modeling and the

simr package (Green & MacLeod, 2016) for the power analysis. In a pilot study with 149

participants completing both sessions, duration influenced minimum price to repeat

(Cohen’s d = .40). A power analysis on H1a (α = .05) indicated that a sample of

approximately 1,000 participants was required to obtain statistical power of .85. The

project (2020-36) was approved by the Institutional Review Board at Aarhus University.

Participants

1,085 British participants (632 females; 4 undisclosed), aged 18-82 years

(M = 36.38, SD = 12.78), and speaking English as their first language were recruited

from Prolific.co. Participants had approval ratings of at least 99%. They were required to

have completed at least 50 previous studies to lower attrition, but fewer than 500 to

avoid participants that are not naive (i.e., that have experience with the procedure;

Chandler et al., 2015). Participants received at least £3 (approximately $4) for

completing both sessions. 391 participants earned between £0.25 and £0.99 extra. On

average, participants took 21 minutes to complete both sessions.
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Design

The two-part between-subjects study obtained two responses twice for each

participant: minimum price to repeat (in British pence) and evaluation on a scale from 1

(extreme unpleasantness) to 9 (no unpleasantness). We used the

Becker-DeGroot-Marschak (BDM) method (Becker et al., 1964) to draw a random

payment and determine whether a participant had to repeat the experience in exchange

for the random payment, though we ensured that a participant could not repeat the

experience before the end of the second session. We randomly drew two continuous

variables from uniform distributions: duration (i.e., between 20 and 200 pictures

displayed in the first session) and the time between sessions (between one and fourteen

days). Pictures were randomly drawn without replacement from a pool of 201 unique

pictures from the Open Affective Standardized Image Set (Kurdi et al., 2017). Pictures

were displayed in a sequence without audio, and each picture was displayed for three

seconds, meaning the duration of the experience was one to ten minutes. Valence ratings

ranged from 1.25 to 3.38 on a scale from 1 (very negative) to 9 (very positive), and

arousal ratings ranged from 1.87 to 5.47 on a scale from 1 (low arousal) to 9 (high

arousal; Kurdi et al., 2017). Valence and arousal were negatively correlated, meaning

more negative pictures also tended to be more arousing.

Apparatus

The study was designed in PsychoJS (i.e., the online equivalent of PsychoPy 2020.1;

Peirce et al., 2019). PsychoJS offers the best precision (i.e., timing and accuracy of

stimuli and responses) among packages for online studies (Bridges et al., 2020). The

study ran on Pavlovia.org, it was only available to participants on a computer, and it

launched in full screen. Pictures had the dimensions 500 x 400 pixels. The height of

pictures equaled the height of the screen.

Procedure

Signing up for the first session, participants were informed that the study included

unpleasant pictures, and the consent form included three sample pictures similar to those

in the study. Encouraging participants to attend to the pictures, they were instructed to
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Figure 1 . Study protocol

(a) Example of a picture (left) and an excerpt of the experience (right). Valence ratings
of these four pictures are 1.74, 2.40, 2.01, and 2.65, respectively, meaning some pictures
are more aversive. (b) The experimental procedure in both sessions. In the first session,
participants observed between 20 and 200 pictures, which lasted 1 to 10 minutes in total.

press the left (right) arrow key, if a geometrical figure appeared on the left (right) side of

a picture. For every picture, there was a 50% chance that a geometrical figure would

display for 1 second at a random time and position (Figure 1a). This was part of an

attention check, and participants were excluded from the analysis, if they received an

attention score lower than 80% on the first 20 pictures. After the experience, participants

performed an unrelated filler task lasting 91 seconds on average (Figure 1b). Then, we

described the BDM pricing method, and participants expressed their minimum price and

evaluation. Testing if participants understood the pricing method, they had to indicate

how much they would receive in exchange for repeating the experience, if the random

payment was a hypothetical value greater than their minimum price. Ensuring

participants did not repeat the experience, participants were informed that we would not

draw a random payment in the first session, because their randomly generated participant

ID was an odd or even number. At the end of the first session, participants were informed

when to complete the second session, and all participants – also those that would be

excluded from the analysis – received an e-mail invitation, when the second session was
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available to them. In the second session, participants were reminded of the experience

instead of experiencing. Otherwise, the second session included the steps from the first

session, and participants also recalled the number of observed pictures (Figure 1b). If

their minimum price was lower than a random payment ranging from 25p to 99p, they

finally repeated the experience in exchange for the random payment. Participants with a

minimum price greater than 1,000p (£10) in either session were excluded from the

analysis. The second session closed for participation 18 days after the first session took

place.

Exclusions and missing data

In the first session, 32 participants received an attention score lower than 80% on

the first 20 pictures, and 8 participants expressed a minimum price greater than £10;

these were excluded from the analysis. Of the remaining 1,045 participants, 46 (4.40%)

did not complete the second session. A generalized linear binomial model with a logit link

indicated that the probability of completing the second session did not depend on

minimum price, evaluation, or duration, but the random number of days between sessions

(i.e., odds ratio < 1), OR = 0.84, 95% CI = [0.77, 0.91], z = −4.04, p < .001. While data

were not missing at random (Rubin, 1976), missing data could not be explained by the

experience in the first session, and we excluded the 46 participants that did not complete

the second session. 1 participant with a minimum price greater than £10 in the second

session was excluded. The final sample, therefore, included 998 participants.

Attention

Locating geometrical figures, the mean attention score was 96.55%. A generalized

linear mixed binomial model with a logit link and a random intercept for participants

indicated that attention to a picture only changed slightly throughout the experience, OR

= 0.999, 95% CI = [0.998, 0.999], z = −3.56, p < .001. This small difference might be

explained by the exclusion of participants with low attention scores on the first 20

pictures.
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Delay

Participants were randomly invited to complete the second session one to fourteen

days after the first session. On average, participants initiated the second session around

half a day (0.56 days) later than they were supposed to. A generalized linear gamma

model with a log link (i.e., delay was right-skewed) showed there was a small effect of

minimum price on delay before Bonferroni correction, OR = 1.001, 95% CI = [1.000,

1.002], t = 2.00, p = .046, but none of the other variables. In the analysis, we used the

total number of days between sessions, combining the random number of days between

sessions and the delay of the participant.

Pricing method

We did not exclude participants that failed to indicate they understood the pricing

method in either session, because their failure to do so could result from inattention

during this phase rather than misunderstanding during the response phase. 767 (76.85%)

and 799 (80.06%) participants indicated they understood the BDM pricing method in the

first and second session, respectively. A generalized linear mixed binomial model with a

logit link and a random intercept for participants showed there was a negative relationship

between minimum price and understanding, OR = 0.998, 95% CI = [0.997, 0.999],

z = −3.70, p < .001, but none of the other variables, meaning participants that expressed

a large minimum price were less likely to indicate they understood the pricing method.

Results

Mean minimum price was 108p (£1.08) in the first session and 104p (£1.04) in the

second session. Mean evaluation was 4.39 in the first and 4.76 in the second session

(Figure 2). In support of H1a, generalized linear gamma models with a log link indicated

that duration predicted minimum price in the first session, price = 0.11, 95% CI = [0.08,

0.14], t = 7.85, p < .001, and in the second session, price = 0.09, 95% CI = [0.06, 0.11],

t = 6.32, p < .001. This is equivalent to an estimated minimum price of 65p (70p) for a

1-minute experience and 173p (151p) for a 10-minute experience in the first (second)

session. In support of H1b, duration predicted evaluation in the first session, evaluation =

-0.02, 95% CI = [-0.03, -0.01], t = −3.85, p < .001, and in the second session, evaluation
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= -0.03, 95% CI = [-0.04, -0.02], t = −4.71, p < .001. The estimated evaluation was 4.84

(5.33) for a 1-minute experience and 3.94 (4.21) for a 10-minute experience in the first

(second) session (Figure 3).

Figure 2 . Distributions of minimum price and evaluation

Minimum price and evaluation follow right-skewed distributions in both sessions. Partici-
pants often expressed the same responses in both sessions. Minimum price (evaluation)
was repeated 42.38% (39.08%) of the time.

Next, we tested whether sensitivity to duration changed with time. We ran two

generalized linear mixed gamma models (i.e., estimating minimum price and evaluation)

with a log link and a random intercept for participants. We used zero Gauss-Hermite

quadrature points to improve convergence. To account for any variation, which might be

explained by the session rather than time, we included a binary variable for second

session (i.e., indicating if a measure was obtained in the second session). Duration was

the only significant effect on minimum price and evaluation. Sensitivity to duration did

not decrease with time (i.e., the interaction effects between duration and time were

insignificant), and neither H2a nor H2b were supported (Table 1). In a simpler model for

minimum price that only included the main and interaction effects of duration and time,

sensitivity to duration decreased with time; in an equivalent model for evaluation,

evaluation improved with time (Table A1).
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Table 1
Generalized linear mixed models predicting minimum price and evaluation

Minimum price Estimate SE t p
(intercept) 3.595 0.071 50.661 <.001
duration 0.119 0.012 9.992 <.001
second session -0.085 0.103 -0.821 0.411
time 0.017 0.011 1.501 0.133
duration · time -0.003 0.002 -1.742 0.082
duration · second session 0.010 0.017 0.550 0.582
Evaluation Estimate SE t p
(intercept) 1.546 0.036 42.417 <.001
duration -0.029 0.006 -4.746 <.001
second session 0.069 0.067 1.038 0.299
time 0.004 0.007 0.490 0.624
duration · time 0.000 0.001 0.086 0.932
duration · second session -0.002 0.011 -0.213 0.831

Minimum price Evaluation
Number of observations 1996 1996
Number of participants 998 998
AIC 20916 7529
BIC 20961 7574
Log-likelihood -10450 -3757
Residual degrees of freedom 1988 1988
Variance (participant) 0.70 0.14
Variance (residual) 0.25 0.11

Models predict minimum price and evaluation with a random intercept for participants.
Duration ranges from 1 to 10 minutes. Second session is a binary variable indicating if the
measure was obtained in the second session. Time ranges from 0 (in the first session) to 17.25
days (in the second session).

Discussion

The prospect of a short negative experience is preferred to a long (e.g., consumers

pay more for faster delivery; Nguyen et al., 2019), and the prospect of a long positive

experience is preferred to a short (e.g., consumers pay more for a longer vacation; Decrop

& Snelders, 2004; Salmasi et al., 2012). Yet, research on affective experiences finds that

people neglect duration. That is, the duration of an experience does not explain

retrospective outcomes (judgment and decision-making outcomes and summary

evaluations; Alaybek et al., 2022). We found that the duration of a negative experience

influenced retrospective outcomes directly after experiencing and after one to fourteen

days. That is, participants required more money for repeating longer experiences, which

they also evaluated as worse. Sensitivity to duration did not change over this time period
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Figure 3 . Minimum price and evaluation against duration

Observed (i.e., points) and predicted (i.e., lines) minimum prices and evaluations in both
sessions. Overlapping points are more opaque. The experience lasted between 1 and 10
minutes. Participants expressed their minimum price and evaluation in the first session
and up to 17.25 days later in the second session. Minimum prices ranged from £0.01 to
£10. Evaluations ranged from 1 (extreme unpleasantness) to 9 (no unpleasantness).

(Table 1).

On a theoretical side, we provided evidence that the duration of a negative

experience may be more important than previously assumed. In our study, pictures were

randomly drawn without replacement from a pool of 201 unique pictures with similar

valence ratings, and the random number of displayed pictures was used as a measure of

duration. While our picture-viewing experience is rather repetitive compared to most

real-life experiences, manipulating the number of unique displayed pictures introduces

variability, which makes it more challenging for participants to adapt to the stimuli

(Ariely, 1998). In an experience without any variation (e.g., immersing a hand in cold

water; Kahneman et al., 1993), perceived pain may decrease with exposure (e.g.,

immersing a hand in cold water feels less painful after a while; Leventhal et al., 1979),

which may promote duration neglect. As an alternative to our experience, one could fix

the number of displayed pictures and manipulate the display duration of each picture,

but this would allow for participants to adapt to the stimuli in conditions with longer

122



display durations, and it would also reduce the value of our attention check, as

participants could look away after identifying the target geometrical figure.

Sensitivity to duration did not change over a two-week period (i.e., participants

remained sensitive to duration). Our a priori power analysis was based on H1a, indicating

we did not have sufficient power to detect a change in sensitivity to duration.

Nevertheless, any interaction effect would be small. Therefore, future research could

examine whether sensitivity to duration decreases at later points in time (e.g., after

months instead of after weeks). As time passes beyond a two-week period, it may become

increasingly difficult to recall emotional states from an experience (Robinson & Clore,

2002). Geng et al. (2013) argued that the peak-end rule loses its predictive power

between three and seven weeks after a vacation, while Redelmeier et al. (2003) showed

that patients experiencing a longer and better-ending colonoscopy were more likely to

return for a follow-up colonoscopy years after their initial treatment.

Our findings have several practical implications. We specifically investigated a

negative experience, which reflects a number of everyday experiences. For instance,

service failures make consumers wait for a delayed flight or leave them with a broken

internet connection. This research suggests that companies benefit from quickly

recovering from service failures. If a company successfully recovers, post-failure customer

satisfaction may even exceed pre-failure satisfaction (De Matos et al., 2007; Magnini

et al., 2007; Maxham III, 2001; Michel & Meuter, 2008). If a company does not

successfully recover, customers may switch to another supplier, and dissatisfied customers

may also voice their opinions of the company (E. W. Anderson, 1998; Hennig-Thurau

et al., 2004). Future research could investigate whether moderating factors (such as

apologies or compensations; J. Wirtz & Mattila, 2004) influence sensitivity to duration.

Price discounts may backfire, because price promotions cause impatience (Shaddy & Lee,

2019), which might increase sensitivity to duration. Learning more about how the

memory of an experience may change with time is important for companies, because they

should apologize or offer compensations, when customers are receptive; ask for public

reviews, when evaluations are positive; and promote services, when customers are willing
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to engage in similar experiences.

On a methodological side, we argued that a within-subjects design with two or

more experiences may introduce neglect of duration, because participants potentially

confuse experiences. Studying decision-making over time further necessitates using a

between-subjects design with a single experience, since it becomes increasingly difficult to

distinguish between experiences with time. While there is a need for studying

decision-making over greater time intervals, the probability of completing the second

session was influenced by the time (i.e., temporal gap) between sessions. Greater time

intervals may, therefore, also lead to greater rates of attrition. Like most research, this

research considered a negative experience (Strijbosch et al., 2019). It is challenging to

investigate sensitivity to duration of a positive experience in an experimental setting,

where participants participate for pay. Future research could, for example, use wearable

technology (such as smart watches) to capture momentary affective reactions (e.g., heart

rate) of participants during positive or complex realistic experiences and measure

retrospective outcomes at later points in time (Andersen et al., 2020). Also, future

experimental studies could use simpler models. In the second session, a relatively large

proportion of participants repeated their responses (which they might have recalled).

This may be avoided, if retrospective outcomes are only measured in the second session.

This would allow us to exclude the binary variable for the second session, but this model

would theoretically require a larger sample, since we would only obtain one measure (per

response variable) from each participant.
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Appendix

Table A1
Generalized linear mixed models predicting minimum price and evaluation without second
session variable

Minimum price Estimate SE t p
(intercept) 3.585 0.070 51.354 <.001
duration 0.120 0.012 10.253 <.001
time 0.009 0.006 1.580 0.114
duration · time -0.002 0.001 -2.541 0.011
Evaluation Estimate SE t p
(intercept) 1.556 0.035 44.037 <.001
duration -0.029 0.006 -4.940 <.001
time 0.010 0.004 2.645 0.008
duration · time 0.000 0.001 -0.159 0.874

Minimum price Evaluation
Number of observations 1996 1996
Number of participants 998 998
AIC 20913 7530
BIC 20947 7563
Log-likelihood -10450 -3759
Residual degrees of freedom 1990 1990
Variance (participant) 0.70 0.14
Variance (residual) 0.25 0.11
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