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ENGLISH SUMMARY 

Background and aim: Globally, Western food availability and variety have increased substantially in the recent 

decades. Concurrently, obesity levels are continuously rising inducing increased risk of diabetes, cardiovascular 

disease, cancers, and other diseases. A lower demand for physical activity in combination with changes in food 

accessibility and eating behaviors are suggested as main cause of obesity. This calls for further understanding 

of how the food surrounding us affects our behavior, mental state, and physiology. This involves a complex 

interplay of both internal and external signals including motivation, emotions, hormones, and central neural 

integration. Moreover, as humans we are consciously aware of some of these processes relating to appetite 

control, whereas others are outside of our awareness. The rationale for this PhD thesis was to contribute novel 

methodologies to examine both explicit and implicit aspects of appetite control behaviors and to add to the 

current knowledge of the multifactorial determinants affecting food choices and food intake. The overall aim 

was to study food reward and to explore how biometric responses related to food reward and food intake in 

different populations. More specifically, we wanted to examine food reward and biometric responses to food 

cues, i.e. images of foods varying in fat content and sweet/savory taste and to explore the relationships with 

food intake. 

Methods: Two cross-sectional studies and one interventional study formed the basis of the content of this 

thesis. We examined food reward using the Leeds Food Preference Questionnaire (LFPQ) as well as the Steno 

Biometric Food Preference Task (SBFPT); the latter was developed as part of the PhD project. The SBFPT 

combined measures from the LFPQ with biometric measures from eye tracking, electrodermal activity (EDA), 

and facial expressions. The SBFPT was first tested in 100 adults with normal weight in a cross-sectional study, 

the PRESET study, (Paper I and II) and secondly, it was implemented in a large ongoing randomized controlled 

trial, the REStricted Eating Time (RESET) study (Paper IV). The PRESET study examined food intake from an ad 

libitum buffet meal. The RESET study was set forward to examine the effects of 12 weeks of time-restricted 

eating, an intermittent fasting regimen, in 100 adults with overweight and obesity at high risk of developing 

type 2 diabetes. As this study is still ongoing, only the protocol paper is included in this thesis. In the second 

cross-sectional study, food reward was assessed in an Inuit population in Greenland using the LFPQ as part of 

a study examining the effects of four weeks on a traditional Inuit diet (TID) vs. a Westernized diet (WD) (Paper 

III). 

Results and conclusion: We developed a novel methodological approach to concurrently examine measures 

of food reward and different biometric responses. In the PRESET study, maintained attentional responses from 

eye tracking revealed positive associations with measures of food reward and food intake. Biometric responses 

from EDA and facial expressions were not associated with food reward or food intake, except for negative 
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facial expressions, which were associated with lower liking for foods (Paper I). Moreover, from examining 

differences between food categories that varied in fat content and sweet/savory taste, we found that 

responses differed for maintained attentional responses as well as for measures of food reward and food 

intake (Paper I). When applying a machine learning approach to studying data from the PRESET study, separate 

or combined measures of biometrics or food reward were not strong predictors of food intake (Paper II). Lastly, 

this thesis presents the first data on food reward in an Inuit population: After four weeks of following either a 

TID or a WD, participants only differed in implicit wanting for high-fat sweet foods that was higher for the TID 

group (Paper III). In both groups, participants had overall lower preferences for sweet over savory and lower 

preferences for high-fat over low-fat foods. Together, the papers highlight relationships between biometric 

measures, food reward, and food intake and provide insight into both explicit and implicit food-related 

behaviors in different populations. This thesis emphasizes the complexity of appetite control and the many 

diverse aspects affecting food intake.  

 

DANSK RESUMÉ (DANISH SUMMARY) 

Baggrund og formål: Globalt er den vestlige tilgængelighed og variation af madvarer steget markant i de 

seneste årtier. Samtidig er fedmeincidensen stigende med dertil øget risiko for diabetes, kardiovaskulær 

sygdom, kræftsygdomme og andre sygdomme. Et mindre behov for fysisk aktivitet i kombination med den 

øgede tilgængelighed og ændrede spiseadfærd menes at være en hovedårsag til udviklingen i fedme. Det 

fremhæver behovet for at skabe en øget forståelse for, hvordan maden omkring os påvirker vores adfærd og 

mentale og fysiologiske tilstand. Denne forståelse inkluderer et komplekst samspil mellem både indre og ydre 

signaler herunder motivation, følelser, hormoner og central neural integration af signalerne. Derudover er der 

nogle af de processer, der relaterer sig til appetitkontrol, som vi er bevidste om, mens andre processer er 

udenfor vores bevidsthed. Rationalet for denne ph.d.-afhandling var at bidrage med nye metodiske tilgange 

til at undersøge både eksplicitte og implicitte aspekter af adfærd relateret til appetitkontrol og at bidrage med 

viden om de multifaktorielle aspekter, der påvirker kostindtag og -valg. Det overordnede formål var at 

undersøge madbelønning og at udforske hvordan biometriske reaktioner relaterer sig til madbelønning og 

kostindtag i forskellige befolkningsgrupper. Mere specifikt ville vi gerne undersøge madbelønning og 

biometriske reaktioner til mad-’cues’ (’ledetråde’), dvs. billeder af madvarer, der varierede i fedtindhold og 

smag (sød/’savory’), samt udforske sammenhængen med kostindtag. 

Metode: To tværsnitsstudier og et interventionsstudie ligger til grund for indholdet i denne afhandling. Vi 

undersøgte madbelønning ved hjælp af Leeds Fødevarepræference Spørgeskema (LFPQ) samt Steno 
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Biometriske Fødevarepræference test (SBFPT), hvoraf sidstnævnte blev udviklet som en del af ph.d.-projektet. 

I SBFPT kombinerede vi målinger fra LFPQ med biometriske målinger af øjenbevægelser, elektrodermisk 

aktivitet og ansigtsudtryk. SBFPT blev først testet i 100 voksne med normalvægt i et tværsnitsstudie, PRESET 

studiet, (Paper I og II) og derudover implementeret i et stort kontrolleret lodtrækningsforsøg, RESET studiet 

(Paper IV). PRESET studiet undersøgte kostindtag ud fra en ad libitum måltidsbuffet. RESET studiet var designet 

til at undersøge effekterne af 12 ugers tidsbegrænset spisning, et spisemønster med en periodisk faste, blandt 

100 voksne med overvægt og svær overvægt i høj risiko for at udvikle type 2 diabetes. Da studiet fortsat er i 

gang, vil denne afhandling kun inkludere en protokolartikel fra studiet. I det andet tværsnitsstudie blev 

madbelønning undersøgt blandt en Inuit befolkning i Grønland ved hjælp af LFPQ som en del af et studie, der 

undersøgte effekterne af fire ugers traditionel Inuit vs. vestlig kost (Paper III). 

Resultater og konklusion: Vi udviklede en ny metodisk tilgang for sideløbende at indsamle målinger af 

madbelønning og forskellige biometriske reaktioner. I PRESET studiet var resultaterne for fastholdt 

opmærksomhed til madbillederne (målt ved øjenbevægelser) positivt associerede med målinger af 

madbelønning og kostindtag. Biometriske reaktioner fra elektrodermisk aktivitet og ansigtsudtryk var ikke 

associeret med madbelønning eller kostindtag udover at negative ansigtsudtryk var associerede med lavere 

nydelse (’liking’) for madvarerne (Paper I). Da vi undersøgte deltagernes respons til madkategorierne, der 

varierede i fedtindhold og smag, fandt vi forskelle mellem madkategorierne for deltagernes fastholdte 

opmærksomhed (øjenbevægelser), madbelønning samt kostindtag (Paper I). Da vi undersøgte data i PRESET 

studiet med en automatisk lærings (’machine learning’) tilgang, fandt vi ikke at separate eller kombinerede 

målinger af biometri eller madbelønning var stærke prædiktorer for kostindtag (Paper II). Denne afhandling 

præsenterede også de første målinger af madbelønning i en Inuit befolkning: efter fire uger, hvor deltagerne 

fulgte enten en traditionel Inuit kost (TID) eller en vestlig kost, var madbelønning kun forskellig mellem 

grupperne for deltagernes implicitte trang (’wanting’) til fedtrige, søde madvarer, der var højere i TID gruppen 

(Paper III). I begge grupper havde deltagerne lavere præferencer for søde vs. ’savory’ (salte, ikke-søde) 

madvarer samt lavere præferencer for fedtrige vs. fedtfattige madvarer. Alt i alt fremhæver artiklerne 

sammenhænge mellem biometriske målinger, madbelønning og kostindtag, og giver indsigt i både eksplicit og 

implicit adfærd i relation til mad i forskellige befolkningsgrupper. Denne afhandling understreger 

kompleksiteten i appetitkontrol og de mange forskellige aspekter der påvirker kostindtag.  
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INTRODUCTION 

In the past decades, the Western food environment has been characterized by an increasing availability and 

variety of foods, especially foods that are highly processed, palatable, and energy dense. This development is 

also evident in low-income countries and among indigenous populations that are becoming more Westernized 

(1). However, in an evolutionary perspective, these environmental changes are very recent. It is believed that 

humans throughout thousands of years have adapted internal mechanisms such that beneficial foods, e.g. 

sweet tasting foods, would elicit positive emotional and rewarding responses (2). These mechanisms would 

ensure survival to reproduce oneself but not necessarily for a healthy living. Paradoxically, our environment 

today enables a healthy living but despite that, a transition towards more sedentary lifestyles together with 

the omnipresent food supply has been suggested as a main cause of the increasing incidence of obesity and 

derived lifestyle diseases (3). Especially foods high in fat and sugar are suggested to negatively impact different 

health outcomes with evidence for associations between intake of these foods and increased total energy 

intake as well as risk obesity and type 2 diabetes (3,4). 

Most people can probably recognize situations in which they have not been able to abstain from buying or 

eating a food – not because of the feeling of hunger - but because of a craving, a social context, an emotional 

drive, or even without being able to explain why. There are multiple behavioral and physiological processes 

that precede and predict food choice and intake. Some of these processes are explicit whereas others are 

implicit to the individual, i.e. some are results of conscious processing while others occur as result of habitual 

patterns and without much or any awareness of the individual (5–7). A part of an individual’s food-related 

behavior is guided by the rewarding aspects of foods, which include both pleasantness of and motivation for 

foods (8). As opposed to certain other rewarding stimuli (such as drugs or cigarettes), it is not possible to fully 

abstain from foods. Eating is essential for living and it is an entirely behavioral act (9). Therefore, we must 

increase our knowledge about the impact of the changing food environment on behavioral and physiological 

responses to food and food cues and how this impact relates to food intake and different health outcomes. 

This information is needed to identify the most susceptible individuals, to reshape the food environment and 

guide people to live in it, and to prevent a further increase in the development of obesity and derived lifestyle 

diseases (9). 
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AIM AND OBJECTIVES 

In this thesis, I sought to understand explicit and implicit behavioral and physiological processes that precede 

and predict food choice and food intake in different populations. The overall aim of this thesis was to study 

food reward and to explore how biometric responses relate to measures of food reward and food intake. More 

specifically, the objectives were: 

- To explore food reward, biometrics, and food intake in response to different food categories and how 

biometric responses were related to food reward and food intake in people with normal weight (Paper I). 

- To explore whether separate or combined measures of biometrics and food reward predicted food intake 

in people with normal weight (Paper II).  

- To explore how food reward differed in an Inuit population in Greenland that had followed four weeks of 

either a traditional Inuit diet (TID) or a Westernized diet (WD). Moreover, to evaluate the implementation 

of the method used to assess food reward in this population (Paper III).   

- To initiate and conduct a study to examine the effects of 12 weeks’ time-restricted eating (TRE) on food 

reward and biometric responses to food cues in people with overweight and obesity at high risk of 

developing type 2 diabetes (Paper IV).  

 

OUTLINE OF THE THESIS 

This thesis constitutes three data sources including two cross-sectional studies and one interventional study 

(Figure 1). The thesis is structured with a background; descriptions of the three studies and the related papers; 

a joined discussion and conclusion; and lastly the research, clinical, and public health perspectives. Data 

presented in Paper I and Paper II are based on the cross-sectional study, the PRESET study. In these papers, 

we describe the development of a Danish food image database as well as the Steno Biometric Food Preference 

Task (SBFPT), that was designed prior to the PRESET study to concurrently collect data on food reward and 

biometric responses. Moreover, we present results from the cross-sectional study set forward to test the 

SBFPT. Paper III is based on data from a sub-study in Greenland and presents results on food reward in an Inuit 

population in Greenland, that had followed either a TID or a WD for four weeks. Paper IV is a Protocol paper 

describing the randomized controlled trial (RCT), the REStricted Eating Time (RESET) study, that was developed 

to examine the effects of 12-weeks of TRE on body weight, behavior and metabolism in individuals at high risk 

of developing type 2 diabetes. The RESET study implemented the SBFPT to measure food reward and 

biometrics, which is the focus for this thesis. However, as data collection in the RESET study is still ongoing 

(last participant last visit March 2nd 2022), no results are presented from this study, but considerations related 
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to measurements of food reward and biometrics are discussed in the context of the other papers included in 

the thesis. 

Figure 1. Outline of the PhD thesis. This includes developments (top) that were included in the three studies 

on which the four papers were based. Moreover, a simplified overview of the objectives in each of the four 

papers are displayed (right side). RCT, randomized controlled trial. Created with BioRender.com. 
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BACKGROUND 

 

Highlights 

► Our environment of omnipresent food and food cues promotes overeating and the development of 

obesity. 

► Appetite control is a psychobiological interplay determined by multiple internal and external factors 

that are integrated in the brain and that leads to responses executed through behavioral, autonomic, 

and endocrine pathways. It contains both homeostatic processes including feedback from e.g. fat 

tissue and GI hormones and non-homeostatic processes such as reward, emotions, and cognition.  

► Food reward is important for understanding food-related behavior and can be defined from the 

components liking, wanting, and learning. 

► Food-related behavior (including components of food reward) can operate both explicitly and 

implicitly, i.e. with and without conscious awareness.  

► Biometric measurements, such as eye tracking, electrodermal activity (EDA) and facial expressions, 

provide possibilities for measuring implicit aspects of behavior that are less affected by conscious 

control and social desirability.  

► Restricting eating to a limited time of day, time-restricted eating (TRE), has been suggested as a 

potential strategy that could improve metabolic and behavioral health outcomes, e.g. improve eating 

behaviors, and reduce energy intake.  

 

Food intake (why we eat) 

Eating and drinking provide the basis for many social gatherings, gives rise to great pleasure in life, and is 

essential for human survival. However, eating and drinking above our bodily requirements has also become 

an important determinant for obesity and derived lifestyle diseases, which are still becoming more prevalent 

in most areas of the world (3,10). When it comes to food intake, “everything in moderation” is challenging in 

an obesogenic environment with vast and varied availability, easy accessibility and extensive promotion of 

food and drink products. Instead, there is a large risk of overeating and in combination with an increasingly 

sedentary lifestyle, this environment promotes a positive energy balance that seems difficult to reverse while 

remaining in the same environment (3). Why we engage in eating is thus affected by more than our mere need 

for energy, and the complex interplay determining when, what and how much we eat include both 

physiological, psychological, and behavioral factors which will be introduced below.  
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Appetite control 

To understand the “why”, “when”, “what” and “how much” in relation food intake, we must study the appetite 

control system: a system that influences food intake and other related motivational states such as hunger (11). 

We must recognize that this system constituting one side of the energy balance has mainly evolved through a 

food-scarce environment. The relative recent years of food abundance have enabled the expression of 

hyperphagia and weight gain; processes that are hypothesized to be defensive neural mechanisms from an 

evolutionary perspective (3). Besides food abundance, the obesogenic environment has increased obesity 

rates through enhanced palatability and highly rewarding food stimuli as well as a reduced need and 

opportunity for physical activity (3). 

Appetite can be understood as a combination of a tonic need state and episodic processes related to eating 

behavior and periodic bouts of eating. It was recently proposed that the overall biological drive to eat is 

determined by fat free mass and resting metabolic rate moderated by the inhibitory tonic influence of fat mass 

mediated by leptin (12). As tonic indicators, these processes are fairly stable and in contrast to the episodic 

processes which trigger or inhibit intake on a meal to meal basis. As proposed by Blundell and colleagues, the 

drive to eat must be triggered to result in actual eating (12). Triggering events include the lack of available 

nutrients, the influence of the orexigenic “hunger hormone”, ghrelin, as well as psychological factors as 

described in more details below. In response to eating, a series of inhibiting processes in the gastrointestinal 

(GI) tract signaling to the brain lead to satiation (termination of eating) and later satiety (postprandial 

suppression of hunger) (13). These processes include mechanical and physical functions of the GI tract, i.e. 

stomach distension, in combination with the release of GI hormones such as glucagon-like peptide-1 (GLP-1), 

peptide YY (PYY), and cholecystokinin (CCK) (13).  

This proposed model and knowledge about appetite controlling processes described above must also be 

understood in the context of the knowledge about brain substrates of appetite. In this regard, a central part 

of and integrator in appetite control are the neural populations in the basomedial hypothalamus: the 

orexigenic/hunger neurons, Agouti-related peptide (AGRP) and Neuropeptide Y (NPY); as well as the 

anorexigenic proopiomelanocortin (POMC) (3). These distinct energy sensors act as part of a complex network 

to control both sides of energy balance and modulate both the stimulation of food intake and meal termination 

(6,14). Importantly, the neural projections to and from these areas integrate both homeostatic and non-

homeostatic processes impacting food intake. The homeostatic processing includes an interplay between fat 

tissue and GI hormones as described above and higher neural control. In classic theories this interplay in the 

homeostatic system is described to act as a defensive mechanism of body weight levels referred to as a set 

point (15). This has been demonstrated in studies showing that humans and animals return to existing weight 
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levels after periods of energy restriction (16). However, this theory of a regulation of body weight is widely 

debated as it does not explain the increasing obesity prevalence during recent decades (12,15). Instead, 

researchers argue for a rather flexible and sliding set point (6). Here our surrounding environment is a key 

element as some individuals are more (epi-)genetically susceptible to the highly palatable and energy-dense 

foods and the extensive food availability (6). These parameters highly affect the non-homeostatic processes, 

i.e. reward, emotional, and cognitive systems, which signals through neural pathways between the 

corticolimbic system and the hypothalamus. (3). 

Traditionally, a distinction has been made between these homeostatic and non-homeostatic processes related 

to appetite control. However, in recent years, this distinction is suggested to no longer be useful because the 

two systems act in unison in a complex neural control of appetite (3,6). Several tonic and episodic internal 

signals are found to affect brain structures involved in cognitive and rewarding parts of appetite control (6). 

This include hormones such as GLP-1, ghrelin, PYY, leptin and insulin as well as fat and glucose (6,17). 

Moreover, studies have found that simply the expectation of food can produce reductions in both AGRP and 

POMC neuron activity (3). These integrative interactions between the gut and AGRP/POMC and the brain 

reward system provides important evidence of how homeostatic and non-homeostatic systems are part of the 

same integrative system. From these findings, it is also evident that not only homeostatic processes operate 

outside awareness. Reward driven behavior can act without cognitive control to make decisions on for instance 

food intake – especially for those decisions that are highly habitual (6). More about this below. 

In summary, appetite control is an interplay determined by multiple internal and external factors that are 

integrated in the brain and that encompass both physiology, psychology, and behavior (16). This include the 

drive to eat, hunger status, sensory pleasure, motivation, learned responses about food, and sensory specific 

satiety (12,18). Also, the numerous daily episodes of eating are highly affected by culture and environment 

(12). As such, in a complex interplay with metabolic triggers and inhibitors, our eating behavior is affected by 

an obesogenic environment that overwhelms us with food choices, sensory inputs, unlimited availability, and 

variety. This puts our reward, cognitive and emotional systems to the test (19) and highly affects the behavioral 

aspects of appetite control as described in further details below. 

 

Food intake behavior 

Human food intake behavior can be defined as “any food-related response to stimulation from the internal 

milieu or from the environment” (20). As the definition implies these responses vary widely from exploring, 
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choosing and purchasing foods, organizing meal patterns, preparing foods and the actual process of eating 

them (20). 

The numerous daily choices of what to eat is a key part of our food intake behavior. Food choices are almost 

unlimited and can be important contributors to overeating and obesity (11). In combination with the drive to 

eat and control over disinhibition this determines in large part how much we eat. Food choices are determined 

highly by our food preferences and are affected by external factors such as our cultural norms, health, food 

variety, food literacy, and the social context in which we are making our choices; and internal factors such as 

the anticipated consequences of eating the food items (e.g. satiation) and the sensory experience (e.g. 

affected by palatability and sensory specific satiety) (18,21). Food choices play a central role in the 

procurement phase, i.e. the phase that precede and predict later food intake (22). Food preferences, defined 

as the selection of one food over its alternative(s) (17,23), are often measured using a forced choice task. In 

contrast to aversions, preferences develop progressively and cumulative in response to pleasurably sensory 

experiences with different foods (20). Preference formation is a life-long development from innate 

mechanisms developing in the fetus to sensory changes depending on factors such as learning, age and illness 

(20). Overall, humans easily develop preferences for energy dense foods, i.e. high-fat and sweet tasting foods. 

However, we do also develop preferences for low-energy foods, but as preference formation demands 

continuous exposures, this is more challenging in environments where high-fat and sweet foods dominate the 

food scene and are naturally more rewarding (20). The surrounding environment is thus important in 

preference formations and food choices which also affect meal patterns, meal circumstances and portion size. 

Although beyond the scope of this thesis, socio-economic factors also play a large role in this regard. Rather, 

the sections below will focus on another factor affecting food preferences and food choices, namely the 

hedonically motivated behavior, how this is measured neurally and behaviorally, and the implications. 

 

Hedonics and food reward 

The concepts of hedonics and food reward have played a key part in the attempts to explain how food intake 

behavior result in overeating and obesity. However, there does not seem to be a consensus on the definition 

of either hedonics or food reward. This could be due to different approaches of measuring these aspects 

(behavioral and neurological) as well as differences in the common vs. academic understandings of the 

concepts. Hedonic is often highlighted to reflect non-homeostatic (in contrast to homeostatic) hunger, i.e. 

intake that is not driven by the metabolic need for food but rather by the rewarding properties of the food 

(24). Along these lines, Rossi and Stuber (2018) referred to hedonic eating as “food intake driven by sensory 

perception or pleasure” (25). However, other researchers propose various dual-component models building 
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on either the distinction between different aspects of reward or the accessible to conscious processing. Here, 

hedonics is referred to as originating from the Greek word for “pleasurable” described as “sensations that are 

indexed or reported by subjects as inducive of positive feelings” (17,26). Overall, food reward can influence 

many aspects of food intake including the direction of food choices (what we eat), frequency of meals (when 

we eat), and meal size (how much we eat) (21,27). The reward system includes neural processes that highly 

interact with the internal state (e.g. nutrient availability, cognition, and emotions) and the external 

environment (e.g. food availability, variety, palatability, social context, habits, and clock) (3). Food reward has 

been defined as “A stimulus for which animals (including humans) are willing to work (or pay) for” (17), or as 

“The momentary value of a food to the individual at the time of ingestion” (28). Berridge and colleagues define 

food reward as: ”A composite process that contains “liking” (hedonic impact), “wanting” (incentive 

motivation), and learning (associations with and predictions of reward) as major components.” (29). In this 

thesis, food reward will be defined as liking, wanting, and learning with the former two being the focus of this 

thesis. Hedonics is defined as an embedded part of liking, i.e. sensory pleasure. 

 

Neuroscience of food reward 

Through the past decades, neuroscientists have succeeded in mapping different parts of the brain that 

generate food reward and motivation to eat (8). This has led to a dual-component model defined by liking and 

wanting; two separable components of food reward, that usually cohere together but in some conditions 

dissociate (8). Both liking and wanting can operate with and without conscious awareness, and it is important 

to understand how these individually relate and dissociate to influence behavior (30). The hedonic impact or 

liking of a food is described as the pleasure of a stimulus, e.g. in response to the taste of a food or sometimes 

measured as the expected pleasure in response to food cues (8,26). This can refer both to the implicit aspects 

described as the core objective hedonic reactions and to the explicit aspects described as the subjectively 

perceived experience of pleasure (26). The psychological process of wanting is also described as the incentive 

salience or motivation triggered by a food cue (8,11). These processes generate behavioral responses to seek 

out and to eat foods. While implicit wanting reflect core processes that can operate without conscious 

awareness, subjective or explicit wanting can be described as craving or the intent or desire to eat a specific 

food (8,30). 

From animal studies and neuroimaging studies in humans, researchers have revealed important different brain 

mechanisms that generate the psychological processes of liking and wanting (8). These studies have found 

that mesocorticolimbic reward systems (including areas such as nucleus accumbens, ventral pallidum, 

orbitofrontal cortex, insula cortex, ventral tegmental area, lateral hypothalamus, and amygdala) are activated 
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in response to palatable foods and their predictive cues (8). Where liking is mediated by a network of small 

hedonic hotspots, wanting is generated by a much larger mesocorticolimbic circuitry and can work 

dependently and independently from liking (8). Studies found that wanting is mediated by dopamine systems, 

whereas liking is mediated by other neurotransmitters such as opioid or endocannabinoid. It is suggested that 

dopamine signaling play a larger role in reward-learning, i.e. learning about cues that are predictive of 

rewarding experiences (wanting), whereas opioid peptides relate more to hedonic pleasure in relation to food 

intake (liking) (31).  

 

Behavioral measures of food reward 

A further step from studying neural mechanisms of food reward is the study of how these mechanisms 

manifest into behavior and how these behaviors link to food intake and weight changes. Researchers have 

worked at translating (operationalizing) these neural reward mechanisms, liking and wanting, into observable 

behavioral constructs to study the associations of these behaviors with food intake and appetite (32–34). From 

this work, several experimental methods have been developed to examine hedonic, motivational, emotional, 

and cognitive behavioral processes in relation to food. 

Overall, explicit measures of liking and wanting are often assessed from self-reports using a standard scale 

such as a visual analogue scale (VAS) or a Likert scale (11,35), but has also been assessed from the relative 

preference of paired items (36). Methods to measure the implicit aspects of wanting include willingness to 

work for food, i.e. the reinforcing value of food through a progressive ratio task (37), grip-force (38) and timed 

forced choice tasks as presented below in the Leeds Food Preference Questionnaire (LFPQ) (35). Moreover, 

implicit association tests have been used to measure both implicit wanting and implicit liking (34) and orofacial 

expressions have been used as a measure of implicit liking in infants and animals (8,39). As mentioned, one 

method includes the LFPQ, which was developed to examine the reward components liking and wanting in 

response to images of foods. In this task, liking is measured explicitly to reflect the acute hedonic impact of a 

stimulus (32) by explicitly asking participants to rate a food according to the question “How pleasant would it 

be to taste this food now?” on a 100-point VAS. Explicit wanting is measured similarly, but by asking 

participants: “How much do you want some of this food now?” to reflect the intent or desire to eat a specific 

food (7,35). Implicit wanting is measured to reflect a motivational process of incentive salience, i.e. a cue-

triggered directional drive toward a rewarding food stimulus. This is assessed using a forced choice task asking 

participants to choose between two foods from different food categories while measuring their choice and 

reaction times (32,35). The LFPQ was originally based on two key dimensions of food characteristics: the fat 
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content (high-fat vs. low-fat) and taste (sweet vs. savory) as foods rich in fat and sweetness are associated 

with being rewarding stimuli and with challenges of overeating and obesity (32,40,41). 

 

Food reward, food intake and obesity 

The distinction between liking and wanting has been proposed as a way of understanding how food reward 

affects food intake and obesity in more details. Food liking has been found to be positively associated with 

food intake, e.g. higher fat liking was associated with higher intake of foods high in fat (42,43). However, in a 

recent paper, Araujo and colleagues argued that food liking is important for what is eaten, i.e. food preferences 

and choices, but a less important determinant of how much is eaten, i.e. overconsumption (17). This was also 

proposed by other researchers (7,23,30) but may be related to situations where the hedonic value of a food 

is above a certain level (9). Rather, evidence indicate that food cue reactivity related to food wanting measured 

from neuroimaging studies predict eating in absence of hunger, weight gain and success of weight loss, and 

that these responses are different between individuals with obesity and normal weight (6,17). Similar findings 

have been observed in relation to behavioral food cue reactivity, e.g. willingness-to-work and attentional bias 

(44–46). Moreover, researchers suggest that food intake is driven by the energy content of food and that this 

drive is often outside awareness and not connected to the liking of foods (17). In this context, Small and 

DeFeliceantonio (2019) argue that since most animals lack the ability of conscious processing it is reasonable 

that mechanisms that are independent of consciousness can generate information about important nutritious 

characteristics (i.e. fat and sugar) from the gut to central circuits in the brain that is making these food 

components rewarding in addition to being useful sources of energy. In animals, infusion of fat directly in the 

gut leads to immediate increase in striatal dopamine release. This occurs through a receptor specific 

mechanism in the receptor called PPAR-α expressed in the duodenal and jejunal enterocytes in the small 

intestine (47). Animal studies also suggest that a signal produced when glucose is metabolized is sensed by the 

portal vein and signaled to the brain to regulate dopamine signaling. For both fat and glucose this is expected 

to be through neural rather than endocrine signaling and the combination of fat and glucose seem to be even 

more rewarding (41,47). 

As such, some researchers suggest two signaling pathways driving food reward and food choice: one system 

relying on the nutritional characteristics of food and metabolic neural afferents signaling the brain 

independent of conscious processing; the other relying on conscious perception (flavor, belief, cost, 

healthiness etc) (17,47). It is reasonable that such an unconscious food reward system, i.e. implicit reinforcing 

signals, will have different consequences in the current obesogenic environment compared to the food-scarce 

environment of our ancestors (16). Researchers argue that the current environment stimulates food intake in 
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absence of hunger thereby leading to “passive overeating” through these unconscious food reward systems 

(6,17). Considering the increasing obesity rates, this argues for studying both the neural and behavioral implicit 

aspects of food reward to add knowledge about overeating and development of obesity and to increase our 

understanding of different phenotypes that are more or less susceptible to the obesogenic environment. 

 

Explicit and implicit measures of food-related behavior in the laboratory 

As a participant in a laboratory-based research study and in real-life for that matter, there is a multitude of 

factors affecting an individuals’ behavior and not all can be measured at once. A typical laboratory setup 

includes one or more stimuli (food cues or actual foods) and questions of interest could include: Do they like 

it? Do they pay attention to it? Are they motivated to eat? Are they affected on an emotional level? Is it 

memorable? Part of the answers can be collected by asking participants to report on each stimulus. These 

explicit responses are important for decision making, contain valuable information and are simple to collect 

but they are influenced by social desirability and cognitive processing, which could also bias the results (48). 

Moreover and as argued above, many responses that lead to specific eating behaviors are biologically based 

processes that an individual is not or little aware of (6). This includes the processing of food cues where 

conscious control is not necessary (6). So even though eating is a behavior which actions are carried out by 

voluntary muscle contractions and therefore are open to awareness, the expression of eating behavior is 

controlled by many processes that are not explicit to the individual (7). We must take numerous food-related 

food choices every day and it is reasonable that many of these must be taken without much considerations to 

make them efficient and fast. Instead, they are driven by habits and immediate internal and external cues (5). 

However, many methods developed to study food choices and food-related behavior require cognitive 

information processing and there is a need for integrating more methods focusing on assessing implicit 

behavioral responses (18). An implicit measure can be defined as “a measurement outcome that is causally 

produced by the to-be-measured attribute in the absence of certain goals, awareness, substantial cognitive 

resources, or substantial time” (49). This means that implicit measures are assumed to measure aspects that 

are not easily controlled and to be less affected by conscious control and social desirability (34). 

 

Applying biometric measures in studying food-related behavior 

The need for applying more implicit measures in the research on food-related behavior provides a potential 

for the application of biometric measures to understand individual differences in food intake behavior. 

Biometrics can be defined as “the automated recognition of human individuals based on their biological and 
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behavioral traits” (50). These traits can be explored from physiological and behavioral measures of for example 

eye movements, electrodermal response, heart rate, facial expressions, and brain activity (51). Biometric 

measures provide relatively fast responses (spontaneous emotional responses) compared to more traditional 

methods  which could make it easier to link responses such as eye tracking measures to a specific phase, e.g. 

in relation to the appetite cascade (18). However, the measurements are also more technically demanding as 

mentioned in the first paper, and are therefore difficult to conduct in a real-life setting and more suited for 

laboratory studies (18). Nevertheless, the quality of wearable technologies is improving, which will make it 

more applicable to conduct future studies in real-life settings. The sections below will elaborate on selected 

biometric sensors, which were applied during the work of this thesis. 

 

Attentional responses from eye tracking 

It has been suggested that some individuals experience greater visual attention towards foods or food cues 

than others and that this characteristic make some people more susceptible to overeating and obesity. 

However, research within this area has shown inconsistent results which may in part be due to the variation 

in methods. Attention towards foods or food cues can be measured both indirectly and directly (52). Among 

the most common indirect methods are the Stroop Task and the Visual Probe Task to assess attentional bias, 

whereas eye tracking provides a direct method to measure different aspects of attention (52). In the eye 

tracking method, a wearable or screen-based eye tracker device is used to objectively track and measure eye 

movements. Based on data collected on eye movements, it is possible to quantify fixations, referring to slow 

or no eye movements, and thereby derive measures of visual attention (53). 

Eye tracking is becoming increasingly popular in food and health science research (52). Researchers propose 

a relation between attention and the reward system in correspondence with the Incentive Sensitization Model 

of Obesity, i.e. increased reward responsivity to food cues inducing overeating and obesity  (31,52,54,55). In 

an evolutionary perspective, it would have been advantageous if rewarding foods and food cues had attained 

great attention in the visual environment. Today, however, a higher susceptibility to attentional bias to food 

cues could be a risk factor for obesity (52). Eye tracking studies on food choice and obesity have shown a 

greater attention to high calorie compared to low calorie foods (54,56,57), and greater attention to foods 

among people with overweight and obesity compared to people with normal weight (56–59). However, these 

findings are not consistent across all eye tracking studies (52,54,60,61). Some authors argue that people with 

overweight are more susceptible to approach-avoidance reactions to foods, i.e. a fast initial attention to foods 

but absence of maintained attention (58,62), which indicates that the specific eye tracking variables assessed 

are of great importance for evaluating these relationships. 
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Arousal measured from electrodermal activity 

It is argued that changes in the experience of emotions from sensory inputs such as touch, sight, sound, odor, 

or taste, can elicit activity in the sympathetic nervous system (63). The activity of the autonomic nervous 

system can be assessed from respiratory, cardiovascular, and electrodermal measures (63), where the last 

mentioned will be outlined in this thesis. Electrodermal activity (EDA) is described as an involuntary 

(autonomic) reaction that occurs in the skin and subcutaneous tissue. The reaction is a change in the 

conductivity of the skin as a result of sweat transmitted by the eccrine glands (64). Conductivity is measured 

by applying a small electrical current through electrodes attached to the skin. When sweat is secreted, the skin 

increases its ability to conduct electric current thereby increasing conductivity and decreasing resistance (64). 

The eccrine glands cover most parts of the body, however, certain parts have higher density and are therefore 

more ideal for measurements, such as palmar and plantar parts of hands and feet (65). EDA measurements 

consist of two components: skin conductance level and skin conductance response. Skin conductance level is 

also referred to as the tonic skin conductance and include a smooth, underlying, slowly changing baseline level. 

Skin conductance response is referred to as the phasic level, which includes rapidly changing peaks and is often 

associated with short-term events (66,67). 

EDA is historically referred to as Galvanic skin response (GSR) and is measured from sweat secretion that can 

be elicited as part of thermoregulatory function or by emotional states such as under stress or arousal (68). In 

this thesis, EDA is used as an objective marker to assess whether food stimuli evoke psychophysiological 

responses that could be related to participants’ preferences for the different foods or their food intake. Prior 

studies on food stimuli have found that foods and food cues that differ in calorie content (high vs. low), taste 

(different juices) or in valence (worms, chocolate and soy or chicken) can elicit different EDA responses (69–

72). However, not all studies have been able to detect differences between food categories (18,73). There are 

also inconsistencies as to whether electrodermal responses associate with measures of food reward (71,74) 

and no studies have been found that relate EDA to food intake. Only few studies were found to assess EDA 

responses among people with different levels of body mass index (BMI), and these studies did not find any 

differences between weight groups when viewing, serving, and eating pizza (75) or when viewing different 

categories of food (69). 

 

Facial expressions 

Facial expression analyses have been extensively applied as an attempt to understand an expression of 

emotions or the inner state of mind among participants in research studies (76). New technologies in recent 

years have allowed automated facial expression recognition. These technologies are increasingly replacing 
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prior electromyography method and manual coding of Facial Action Coding Systems (FACS) (77). Automated 

facial expression recognition uses video analyses of faces with integrated machine learning algorithms to relate 

facial expressions to different emotional expressions (78). The research on facial expressions has focused on 

analyzing basic and universally recognized emotions (76). However, there has been discussions regarding the 

basis for this research, namely the discrete emotion perspective (77,79,80). As implied above, this widely used 

perspective is dominated by a theory about a small set of intense – basic – emotions that are fundamentally 

different from each other (77,79). In contrast, the appraisal perspective defines emotions as processes that 

changes continuously and must be considered in the context or environment in which they are expressed 

(76,81). Certain critical perspectives could therefore be inferred from using facial expression analyses to reveal 

information about expressions of emotions as also presented by Stöckli et al. (2018).  

Within nutrition and appetite science a limited number of studies have examined facial expressions using 

either automated facial expression recognition or electromyography methods. Some of these studies have 

found difference in response to viewing, smelling and tasting different types of foods (71,82), whereas other 

studies have not (83). A few studies have found relationships between facial expressions and liking of foods 

(18,71,84). With regards to body weight, one study exploring orofacial responses has found that children with 

overweight compared to normal weight display more lip sucking in response to both high and low-energy 

foods (85).  

 

Circadian rhythms, time-restricted eating, and reward 

Most behavioral and physiological processes of the human body are affected by rhythmic regulations of the 

~24 hours day/night cycle and the signals generated by the circadian clock (86,87). These circadian oscillations 

are generated in all cells of the body and are under control of the master clock located in the suprachiasmatic 

nucleus in the hypothalamus which convert information to the peripheral organs about the light and dark cycle 

(87). Zeitgeber signals are cues that can entrain the peripheral oscillations (87) and disrupt the internal clocks. 

An example of disruption of the circadian clock is shiftwork, which has been associated with increased risk of 

diabetes and cardiovascular events (88,89). Also eating patterns such as the timing of food intake can affect 

the circadian system both positively and negatively (90,91). Adjusting eating to certain times of the day has 

been suggested as a great potential for synchronizing the circadian system to promote different health-related 

outcomes. TRE is a type of intermittent fasting where food intake is restricted to a reduced number of hours 

per day, typically between 6 and 12 hours. As other types of intermittent fasting, this has become increasing 

popular (92) but larger well-controlled studies are needed to examine the effects of TRE on health outcomes. 
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Several smaller studies have examined the effects of TRE on weight loss, glucose and other metabolic 

parameters (93–97). Two RCTs showed promising weight losses of 3.2% compared to control and 3.7% 

compared to baseline after 8 weeks of 4-6 hours (n=14-19 in each group) and 12 weeks of 8 hours TRE (n=9-

11 in each group), respectively (94,95). A third RCT did not find weight loss differences between 8 hours TRE 

and control group after 12 weeks (n=57-59 in each group). However, the control groups were instructed to 

eat only 3 structured meals per day and body weight was self-reported (98). Moreover, studies have found 

evidence for a diurnal rhythm of reward (99–101) and signaling between the reward system and the 

suprachiasmatic nucleus (90,102). Research in rodents also suggests that the ad libitum access to highly 

palatable and energy dense foods can disrupt the diurnal rhythms (90). Altogether, this suggests the 

importance of studying the rewarding aspects of different types of foods in the context of diurnal rhythms and 

TRE regimens.  
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PAPER I AND PAPER II: BIOMETRICS IN RELATION TO FOOD REWARD AND FOOD INTAKE 

 

Highlights 

► This part of the thesis is based on Paper I and Paper II and describes the use of biometric 

measurements in the study of food reward and food intake in the PRESET study.  

► The Steno Biometric Food Preference Task (SBFPT) was designed to examine food reward concurrently 

with collecting biometric data from eye tracking, electrodermal responses, and facial expressions.  

► Eye tracking variables related to maintained attention to food cues were found to differ between food 

categories and to be positively associated with food reward and food intake. For facial expressions, 

only negative valence was found to be associated with lower liking for foods. No associations were 

found for electrodermal activity (EDA) and food reward or food intake (Paper I).  

► Measures of food reward and biometrics were not found to be strong predictors of food intake when 

assessed using a mixed effects random forest approach (Paper II). 

 

Motivation and aim 

As part of this thesis, we strive to explain why people respond as they do both in relation to food intake and 

in particular for the behaviors that precede food intake. Food-related behavior is affected by multiple factors 

and is highly variable among people, and no single measure or tool is sufficient to explain this behavior. Part 

of the behavior is based on cognitive information processing but a large part is also based on less conscious 

awareness (16). Therefore, both explicit and implicit behavioral measures are informative and should be 

assessed. Studies of food-related behavior often rely on explicit measures such as various types of 

questionnaires. Implicit aspects of behavior can be difficult to measure in the laboratory environment where 

participants may be very conscious about being measured. This is one of the limitations of conducting 

measurements that tend to require instrumental response from participants (48). Technological advances 

such as biometric measures enable us to measure responses that are not dependent on such specific actions 

from participants. Biometric technologies have been applied in nutritional research, primarily within food 

science examining specific food products or labeling of food products (51). 

In a cross-sectional study, the PRESET study, we developed and tested a biometric food preference task that 

combined explicit and implicit measures of food reward and biometric measures into one computer task. In 

practice, the study was planned to test the SBFPT prior to using it in a large RCT on TRE, the RESET trial (Paper 

IV). In the RESET trial, we wanted to apply a multimodal assessment of appetite including measures of food 
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reward and other aspects of food-related behavior in addition to measuring physiological responses from 

appetite-related hormones and subjective appetite from VAS. This led the way to developing the SBFPT. The 

overall aim of the PRESET study was to evaluate the biometric food preference task designed to collect data 

on both food reward measures and biometric responses to food cues. In this evaluation, the first objective 

was to assess multiple biometric responses and food reward measures to visual food stimuli from different 

food categories (Paper I). Moreover, we used different statistical approaches to examine the relationships 

between biometrics, food reward and intake. More specifically, the objectives were to explore a) how single 

variables of biometric responses were associated with outcome measures of food reward (explicit liking and 

implicit wanting) and food intake (measured in energy and grams) (Paper I); and b) whether biometric 

measures and food reward measures as single variables or grouped together predicted food intake (Paper II).  

  

Methods 

PRESET study design and population 

During the work of the PRESET study, we first developed and validated a Danish food image database. 

Secondly, we developed the SBFPT enabling the collection of biometric measures concurrently with 

participants conducting the LFPQ (35). Lastly, we explored the SBFPT in a cross-sectional study, the PRESET 

study, including 100 males and females with normal weight. The study consisted of one test day and was 

conducted at Steno Diabetes Center Copenhagen. It was approved by the Ethics Committee of the Capital 

Region (H-18026293) and the Danish Data Protection Agency and registered with ClinicalTrials.gov 

(NCT03986619). 

The inclusion criteria for participating in the cross-sectional PRESET study was BMI ≥18.5 and <25 kg/m2, age 

between 30-70 years, no self-reported history of eating disorder in the past three years, no allergies for any 

food items included in the buffet meal, and no weight change >5 kg in the past three months.  

 

Visits  

The PRESET study consisted of one test day that, in short, consisted of anthropometric measures including a 

Dual-energy X-ray Absorptiometry (DXA) scan, the SBFPT (described below), appetite ratings in fasted and fed 

state (VAS), questionnaires as well as an ad libitum buffet meal (described below) including ratings of each 

food item (Figure 2). 
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Figure 2. Overview of the test day in the PRESET study including timeline and the different measurements 

conducted throughout the test day. DXA, dual-energy X-ray Absorptiometry; SBFPT, Steno Biometric Food 

Preference Task; VAS, visual analogue scale. Created with BioRender.com. 

 

Steno Biometric Food Preference Task 

This methodology was developed to measure food reward concurrently with biometric measures by 

integrating all measures into the iMotions software platform (version 7.1). The task included exposure to 16 

food images from four food categories and consisted of three parts as described below (See also Figure 1 in 

Paper I). The four food categories included high-fat sweet, low-fat sweet, high-fat savory and low-fat savory 

foods. In the first part of the task, participants were asked to passively view all 16 food images for seven 

seconds each. The second and third part of the task were based on the LFPQ, an existing method to measure 

behavioral aspects of food reward (35). In the second part, participants were asked to rate the 16 food images 

in relation to their explicit liking (“How pleasant would it be to taste some of this food now?”) and explicit 

wanting (“How much do you want some of this food now?”) of each food. Answers were given on a 100-point 

VAS. In the third and last part, two food images from different food categories were shown at a time, and 

participants were asked to choose between them as fast as possible. A total of 96 food choices were given 

while measuring participants’ choices and reaction time of choices. Measures of choice and reaction time were 

used to calculate the relative measure, implicit wanting, for each of the four combined food categories. 

Throughout the task, three biometric components (eye tracking, EDA and facial expressions) were measured 

as described in detail below. 

Eye tracking was measured from a device attached to the lower part of the computer screen to provide us 

with precise information on where participants were looking on the screen during the SBFPT as well as when 

and how many times they were looking in specified areas of interest (AOIs), for how long and in what order. 

The Tobii Pro X2-60 screen-based eye tracker (Tobii, Stockholm, Sweden) that was used in this study uses near-
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infrared technologies to track and calculate gaze points. Using near-infrared light, a camera tracks the pupil 

center and the reflections from the cornea of the eye, and this generates information to the eye tracker about 

the direction and movement of the eye. EDA, a measure of skin conductance, was measured using the BIOPAC 

MP160 system (BioPac Systems, CA, USA). A very low constant voltage was applied through electrodes 

(disposable BIOPAC EL507 electrodes with isotonic gel) that were placed on the plantar part of the right foot. 

The applied voltage results in a flowing current that is converted to a conductance in accordance with Ohm’s 

law. The conductance is measured in units of microsiemens (μS) (67). Placement of the electrodes on the sole 

of the foot instead of the hands was chosen because participants used their hands to press the keyboard 

during the task and this movement would possibly affect the measurements (65). Data were analogue filtered 

with a 1 Hz low pass filter, filtering out noise, and a 0.01 Hz high pass filter, filtering out low frequencies and 

providing a relatively stable zero baseline. Facial expressions were analyzed using the AFFECTIVA software 

development kit (SDK) 4.0 system (Affectiva Inc., Waltham, USA). The system was implemented in the iMotions 

software from where recordings of faces where collected using a webcam and analyzed using a classifier 

algorithm. First, the face and landmarks in the face were detected, from where facial actions were classified 

and provided a score from 0 and 100 indicating a probability score, i.e. the likelihood that a given facial action 

was present. Different combinations of facial actions were thereafter used to model emotional expressions, 

which were again provided with a probability score from 0 to 100 (78).  

 

Ad libitum buffet meal 

An ad libitum buffet meal was served for the participants at the end of the test day to assess food intake as 

well as their pleasantness and wanting for each food. Eight foods were served for participants and participants 

had 25 minutes to eat as little or as much as they wanted and to rate the foods on a 100-point VAS. The foods 

included two of the four foods from each food category as presented above (cf. ‘Steno Biometric Food 

Preference Task’).  

 

Data analyses and statistics 

To classify eye movements into saccades and fixations, we used the velocity threshold identification (I-VT) 

classification algorithm. The I-VT works by computing a velocity value for every eye position sample and 

comparing it to a threshold (103). Moreover, low quality eye tracking, i.e. a low number of data points 

compared to what was expected, were excluded. A cut-off was made at the 10th percentile excluding 

observations below this. Data from EDA responses during passive viewing were transferred to the software 

Ledalab V3.4.9 and analyzed using the Continuous Decomposition Analysis (66). We chose a response window 
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of 1-4 seconds where continuous tonic and phasic activity were extracted. For facial expressions, we calculated 

two types of variables: the frequency of emotional expressions, i.e. how much of the exposure time an 

expression exceeded a likelihood threshold of 10 (or was below -10 for negative valence); and the intensity, 

i.e. the highest (or lowest for negative valence) score during a stimulus exposure calculated as an average of 

10 continuous observations. In Paper I we measured valence, i.e. the pleasantness or unpleasantness of a 

stimulus (104). In Paper II we measured a broader aspect of emotional expressions, i.e. anger, sadness, disgust, 

joy, surprise, fear, and contempt as well as the two dimensions: engagement and valence. The specific 

variables assessed for eye tracking and EDA are specified in Paper I and II.  

In Paper I, responses to the 16 food items were summarized into four food categories that were analyzed. We 

used linear mixed-effects models to examine differences between food categories as well as how selected 

biometric variables as input variables individually were associated with food reward and food intake used as 

outcomes variables. In Paper II we analyzed the single responses to each of the eight food items that were 

included in the ad libitum buffet meal. Machine learning algorithms, i.e. mixed-effects random forest, were 

used to assess whether individual or combined variables of food reward or biometrics predicted food intake 

(measured in kJ). The different models including food reward or biometric responses were compared to a 

naïve model (defined by using the mean intake of the eight individual foods) using the mean squared error 

(MSE). The MSE reflected the squared difference between the observed and predicted values of food intake. 

 

Main findings 

The main findings from analyses of data from the PRESET study are described overall below and in more details 

in Figure 3: 

- When assessing whether biometric responses differed between the four food categories, we found that 

only eye tracking variables differed significantly between food categories. During the forced choice 

paradigm, i.e. when participants were asked to choose between two foods, there were significant 

differences in how long participants maintained their attention to the different food categories. During 

passive viewing of each of the food cues, there were significant differences between food categories with 

relation to how many times participants fixated their attention during the first look at a food cue. Biometric 

responses from EDA and facial expressions during passive viewing of food cues did not reveal significant 

differences between food categories. Moreover, there were significant differences between food 

categories for reward measures as well as for food intake. (Paper I) 
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- From association analyses, we found that eye tracking variables describing participants’ maintained 

attention to food cues prior to making rapid food choice decisions (during the forced choice paradigm) 

were related to measures of food reward and food intake. (Paper I) 

- Moreover, in association analyses we found that a higher intensity of negative facial expressions in 

response to food cues were related to lower liking for these foods. (Paper I) 

- When examining food reward measures or biometric measures separately or combined in relation to food 

intake, we did not find that any of the reward or biometric models predicted food intake better than the 

naïve model (for details see Figure 4 in Paper II). (Paper II) 

 

Figure 3. Summary of findings in Paper I and Paper II. CI, confidence interval; g, grams; kJ, kilojoules. *food 

intake estimates are reported in % due to log-transformation before analyses and back-transformation for 

presentation. Created with BioRender.com. 
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My contributions 

During the PRESET study and preparations for this, I was responsible for developing the Danish Food Image 

Database which included taking the photos; designing, distributing, and analyzing the questionnaire; and 

validating and selecting the food images. Moreover, in the development of the Steno Biometric Food Image 

database my work included designing the task in collaboration with Professor Graham Finlayson and 

colleagues at Steno Diabetes Center Copenhagen and iMotions A/S as well as setting up and pilot testing the 

study using the iMotions software platform. Together with colleagues at Steno Diabetes Center Copenhagen, 

I designed the cross-sectional PRESET study; wrote the protocol for the ethical committee; recruited, screened, 

and had the contact with participants; trained staff and conducted test days. Moreover, I co-supervised two 

master students, who took part in data collection. In relation to Paper I, I conducted data management and 

data analyzes with guidance from statisticians and I drafted the manuscript. For paper II, I contributed to data 

management, but a statistician performed the mixed-effects random forest analyses, and the manuscript was 

drafted in collaboration with the statistician.   
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PAPER III: FOOD REWARD IN AN INUIT POPULATION IN GREENLAND 

Highlights 

► We explored food reward in an Inuit population in Greenland and evaluated the implementation of

the method used to assess food reward.

► We found limited differences in food reward after four weeks following a Traditional Inuit diet (TID)

compared to a Westernized diet (WD). Only implicit wanting for high-fat sweet foods was higher

among participants following TID compared to WD.

► After both dietary interventions, participants had a lower explicit liking and implicit wanting for sweet

relative to savory foods and for high-fat relative to low-fat foods. The glucose drink consumed prior to

assessing food reward might have suppressed preferences for sweet foods.

Motivation and aim 

Food intake in Greenland has changed towards a more WD, especially among younger generations and in 

larger towns (105). There is limited knowledge on how the changing food environment and food intake have 

affected the overall health of people in the Inuit populations. However, with concurrent increasing obesity 

levels and large burdens of diabetes and cardiovascular diseases (106), we find it important to increase the 

understanding of the impact of these Western foods on different aspects of eating behavior and health in 

Greenland.  

This motivated us to explore food reward in an Arctic population in Greenland during a dietary cross-over 

intervention study that was set out to study the effects of TID vs WD on glucose metabolism and metabolic 

health markers. In a sub-study (later referred to as ‘the Greenland sub-study’), we explored differences in food 

reward after a four-week dietary intervention following either TID or WD. Moreover, as food reward has never 

been studied in an Arctic population before, we also evaluated the implementation of the method used to 

assess food reward in this population. Food intake was assessed to describe the two diet groups before and 

after the intervention.  

Methods 

To examine food reward in Greenland, we used a sub-sample from a clinical randomized cross-over dietary 

trial examining glycemic control in participants following a TID and a WD for four weeks each (Figure 4). We 
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included 44 participants that completed a food reward task, the LFPQ, on the test day following the first dietary 

intervention period. Participants were aged 18 to 80 years with a BMI >18.5 kg/m2 and recruited from two 

study sites, Qaanaaq and Qasigiannguit, in Northwestern- and Western Greenland.  

 

Figure 4. Study design and timeline of the original cross-over study displaying the part included in the 

Greenland sub-study within the dashed square. Only measures that were relevant for the present thesis are 

presented in the figure. TID, traditional Inuit diet; WD, Westernized diet. Created with BioRender.com. 

 

Food reward was measured during the morning about 60 minutes after consuming a glucose drink as part of 

an oral glucose tolerance test. Except from this drink, participants were overnight fasted. The two food reward 

components, explicit liking and implicit wanting, were studied in two separate tasks of the LFPQ in response 

to 16 Western food images (7,32,35,107). This procedure, the LFPQ, was the same as implemented in the 

SBFPT described above. Explicit liking was measured through ratings on a VAS according the expected 

pleasantness of the taste of each food item. The other part, the forced choice task, was designed to measure 

the choices and reaction times of foods to provide a measure of implicit wanting defined as the degree 

(reaction time) to which a food was wanted relative to its alternatives (choice). By using this food reward task 

and the selected food images, it was possible to divide foods into four food categories according to fat content 

(high or low) and taste (sweet or savory). As such, relative preferences for sweet over savory foods and for 

high-fat over low-fat foods could be assessed as well as preferences for the four combined foods groups, i.e. 

high-fat sweet foods, high-fat savory foods, low-fat sweet foods, and low-fat savory foods. Positive relative 

preferences (positive bias scores) indicated higher preference for sweet over savory and for high-fat over low-

fat, whereas negative bias scores indicated the opposite. To characterize diet groups, food intake was 

described using a 44-item food frequency questionnaire. Food intake was assessed both before starting the 

dietary intervention to reflect habitual diet and at the end of the four-week intervention period reflecting the 

diet during the intervention.  
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Differences between diet groups were statistically assessed using general linear models that were adjusted for 

age and sex. Moreover, food reward scores and food intake were presented using median (IQR).  

 

Main findings 

The main findings from the Greenland sub-study were: 

- Only implicit wanting for high-fat sweet foods was different between the two diet groups after the 

intervention, i.e. participants in the TID group had higher implicit wanting for high-fat sweet foods after 

four weeks compared to the WD group (TID: -38.7 [-52.7, -32.6] vs. WD: -52.4 [-58.6, -43.1]; p=0.029).  

- Negative bias scores for both diet groups, indicated that participants had lower preferences  for sweet 

relative to savory foods (explicit liking was -10.6 [-15.8, -1.1] after TID and -11.6 [-21.6, 247 -4.8] after WD; 

implicit wanting was -18.4 [-45.2, 1.4] after TID and -21.8 [-40.0, -10.6] after WD). Likewise, both groups 

had lower preferences for high-fat relative to low-fat foods (explicit liking was -15.9 [-21.9, -3.7] after TID 

and -24.4 [-30.4, -2.2] after WD; implicit wanting was -19.7 [-30.4, -6.6] after TID and -31.3 [-50.0, -17.0] 

after WD). 

- Food intake was characterized by a greater amount of Westernized foods compared to traditional Inuit 

foods at baseline in both diet groups. During the four weeks of intervention, food intake was characterized 

by the group allocation such that participants following a WD decreased their intake of traditional foods 

whereas participants in TID group increased intake of these foods and numerically decreased intake of 

certain imported foods, i.e. meat, fruit/fruit juice, vegetables, dairy products, cereal products, and sugar-

sweetened beverages (for details see Table 2 in Paper III). 

 

My contributions 

During the dietary intervention in Greenland, I got a unique opportunity to collect data in Qaanaaq, one of the 

three study sites and one of the northernmost towns in the world. I collected data during the second test day, 

where we measured food reward for the first time. As preparation for this, I was responsible for setting up the 

LFPQ for a Greenlandic setting, i.e. software preparation, ethical approval, translations, writing standard 

operating procedures, and instructing research staff. After data collection, I conducted data management, 

statistical analyses and drafted the manuscript under supervision and with discussions and help from 

colleagues at Steno Diabetes Center Copenhagen, University of Leeds, and University of Copenhagen.   
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PAPER IV: FOOD REWARD AND BIOMETRICS AFTER TIME-RESTRICTED EATING 

 

Highlights 

► Time-restricted eating (TRE) is suggested as a feasible strategy for weight loss. 

► We explored the effects of 12-weeks’ TRE in 100 individuals at high risk of developing type 2 diabetes. 

► Data collection will end in March 2022 from where data can be analyzed to explore the effects of TRE 

on food reward and biometric responses to food cues.  

 

Motivation and aim 

There is a close interplay between homeostatic and non-homeostatic processes related to appetite control 

and eating (cf. ‘Background’) (3,6). Moreover, there is evidence for an interplay between these processes and 

the suprachiasmatic nucleus, the central pacemaker of the circadian systems (90). This includes diurnal 

rhythms of metabolic and rewarding systems related to eating but also an effect of eating behaviors and timing 

of eating on the circadian system that could potentially improve health if these are aligned with sleep-wake 

cycle and other diurnal rhythms (90). In this regard, former studies on TRE have shown promising results in 

relation to weight loss and other health related outcomes (91,93–95,108). 

In relation to weight loss caused by different types of interventions, authors of a systematic review have found 

that food reward outcomes appeared to decrease during weight management studies and found in three 

studies that decreases in food reward outcomes were associated with positive weight management outcomes 

(109). Together with findings of diurnal rhythms of food reward (99,100), we found it important to assess how 

food reward changes during a TRE intervention. Therefore, as part of the RESET study, where the overall aim 

was to examine the effects of 12-weeks’ TRE (10 hours/day) on body weight, behavior and metabolism (110), 

the specific objective for this PhD project was to examine the effects of TRE on pre- and postprandial food 

reward and biometric responses to food cues. 

 

Methods 

Study design and population 

The RESET study was an RCT in 100 adults at high risk of developing type 2 diabetes. The trial was designed to 

examine the effects of 12-weeks of TRE which allowed intake only during 10 hours of the day. The trial is 
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conducted at Steno Diabetes Center Copenhagen and was approved by the Ethics Committee of the Capital 

Region (H-18059188) and the Danish Data Protection Agency. The trial was registered with ClinicalTrials.gov 

(NCT03854656). 

The study population included women and men aged 30-70 years with overweight (BMI ≥25 to <30 kg/m2) 

and concomitant prediabetes (HbA1c ≥39 mmol/mol) or with obesity (BMI ≥30 kg/m2). Moreover, an inclusion 

criterion was habitual food intake distributed ≥12 hours per day with at least one day weekly with intake 

distributed over ≥14 hours. Exclusion criteria included shift work or partner with shift work; self-reported 

weight change >5 kg in the past three months; bariatric surgery; diabetes; uncontrolled medical issues; 

administration of medication affecting glucose metabolism or appetite; history of eating disorders in the past 

three years; and pregnancy or lactation.  

The 100 participants were randomized in a 1:1 ratio to either a control group or an intervention group who 

should follow TRE for 13 weeks (Figure 5). Both groups were advised to follow the national dietary 

recommendations from the Danish Health Authorities. After the first baseline visit (V1) plus a subsequent week 

of baseline free-living assessments, participants received their group allocation. Thereafter, participants 

followed their group allocation for 13 weeks showing up for a mid-intervention visit (V2) after six weeks and 

an end-of-intervention visit (V3) after 12 weeks. One week after V3, participants still followed their group 

allocation to conduct free-living assessments, hence, total time following the group allocation was 13 weeks 

even though most measurements were collected after 12 weeks (at V3). Thereafter, a 13-week free-living 

period was completed with a follow-up visit (V4).  

 

 

Figure 5. Schematic overview of the RESET study design displaying the timeline for the four test days, the 

intervention period, the follow-up period, and free-living assessments. Created with BioRender.com. 
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Visits and free-living assessment 

Participants’ visits to the laboratory included anthropometric measurements including a DXA scan; food 

reward and biometric measurements; assessment of blood pressure and heart rate; fasting blood samples; 

appetite ratings (VAS); as well as questionnaires related to socioeconomic status, well-being, sleep, eating 

behaviors, and physical activity. Moreover, V1 and V3 included measurements of resting metabolic rate and 

heart rate variability; a meal test including four hours postprandial blood sampling and appetite ratings; and a 

SmartPill procedure examining gastro-intestinal motility and transit time. Free-living assessments included 

continuous glucose monitoring, 3-day dietary registrations, and activity measurements using accelerometers. 

Food reward and biometric responses to food cues were measured in fasted state at around 8:30-9:30 am (all 

visits) and in the fed state one hour into the meal test (V1 and V3) using the SBFPT as described in Methods 

for Paper I and II.  

 

Status of the study 

Data collection in the RESET study started in March 2019 and will finish in March 2022. As of January 2022, all 

participants are included in the trial and have finished their 13-week intervention period. Seventeen follow-

up visits are planned from January to March 2022, where our last participant has last visit. As data collection 

is still on-going, data will not be extracted and analyzed before March 2022. Therefore, results from the RESET 

study cannot be included in the thesis. Recruitment of participants and data collection have been challenging 

for several reasons including 1) many screen failures due to short habitual eating windows or other reasons 

for not being eligible for participation; 2) the time consumption of the study with 5 visits (of 1.5 – 6.5 hours 

each) and free-living measurements; 3) No financial compensation except for travel reimbursement; and 4) 

the COVID-19 pandemic and lockdowns, which made it challenging and at sometimes not possible to recruit 

new participants for the study.  

 

My contributions 

All work on the RESET study was conducted in close collaboration with colleagues at Steno Diabetes Center 

Copenhagen. I took part in designing the study; writing the protocol for ethical committee and the protocol 

article; recruiting participants; contact with participants; conducting test days; and overall project 

coordination. Moreover, I co-supervised on three master’s theses with students, who took part in data 

collection on the trial.    
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DISCUSSION 

Papers included in this thesis explored food reward and biometric responses in relation to different forms of 

food intake, i.e. an ad libitum buffet (the PRESET study); a TID vs. a WD (the Greenland sub-study); as well as 

TRE (the RESET study). Figure 6 displays an overview of the population groups and overall methods used in 

and measures derived from the studies. The following discussion will touch on some of the overall 

considerations that were made in relation to planning, conducting, and analyzing the studies. 

Figure 6. Simplified summary of the populations and main methods and measures in the three studies. The 

number of participants as well as the main inclusion/exclusion criteria are displayed. Moreover, the figure 

shows the main methods used to measure food cue responses and the derived measures as well as a short 

description of the different forms of food intake assessed during the three studies. TID, traditional Inuit diet; 

WD, Westernized diet. Created with BioRender.com. 

Summary of main findings in the context of existing literature 

An overview of the main findings of all papers included in the thesis is displayed in Figure 7. Common to the 

papers included in this thesis is that they all include the same methodology to assess food reward.  

In Paper I, food reward was studied in relation to biometric measurements from eye tracking, EDA, and facial 

expressions. Mainly the attentional responses from eye tracking were found to be positively associated with 

explicit liking and implicit wanting. Depending on the duration of stimuli exposure, the fact that findings were 
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related to maintained attention to foods could indicate a partial cognitive processing, e.g. to exhibit an 

inhibitory and self-regulatory behavior towards food cues (111). The positive associations between maintained 

attention and food reward measures were particular evident during the forced choice paradigm where 

participants were viewing multiple food images. These findings are supported by prior research (58,112) and 

indicate differences in whether participants are exposed to single images with passive viewing or multiple 

images introducing a competition or a decision-goal. Biometric measures were also studied in relation to food 

intake in both Paper I and Paper II. Similar to above, we found positive associations between maintained 

attention to food cues and food intake in Paper I, but in Paper II we did not find any of the biometric measures 

to be strong predictors of food intake measured from individual food items at an ad libitum buffet meal. Prior 

research on specific eye tracking variables (bias scores) did not find associations with food intake (58,60).  

In Paper II and Paper III food reward was studied in relation to different aspects of food intake. In Paper II, we 

did not find food reward measures to be strong predictors of intake of single food items consumed during an 

ad libitum buffet meal. Our study appears to be the first of its kind examining this relationship using a machine 

learning approach. Prior studies have found that food reward measures were correlated with intake during an 

ad libitum buffet (113,114) and associated with food intake measured using three 24-hour dietary recalls (46). 

Food reward measures assessed in Paper II were primarily self-reported ratings that could be biased by the 

laboratory settings as described in the background (48). Moreover, we expected an overall high liking of foods 

included in the SBFPT, which could have limited the variability and thereby ability of liking measurements in 

the current study to predict food intake. Paper III examined the difference in food reward among an Inuit 

population after four-weeks following either a TID or a WD. We only found a difference in participants’ implicit 

wanting for high-fat sweet foods that were higher among participants that had followed a TID. No prior studies 

have examined food reward in this population; however, our findings are in contrast to prior literature that 

suggests that reward for high-fat sweet foods can be associated with intake of a WD including energy dense 

foods (31,115). However, our findings could indicate that changing the habitual diet away from including 

primarily Westernized foods could increase desire for foods that can no longer be eaten such as high-fat sweet 

foods that are not part of the TID.  

For maintained attentional responses measured from eye tracking as well as for food reward and food intake 

measured in the PRESET study, we found significant differences between responses to the four food categories 

(Paper I). Differences between combined food categories were not assessed in the Greenland sub-study; 

however, we found indications of lower liking and wanting for sweet relative to savory and for high-fat relative 

to low fat foods (Paper III). For both studies, descriptive results indicated the same patterns, i.e. numerically 
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lower reward for and attention to high-fat sweet foods compared to other categories (Paper I and Paper III), 

which could be explained by study designs and differences in populations.  

 

 

Figure 7. Simplified overview of objectives and main findings. HFSW, high-fat sweet; TID, traditional Inuit diet; 

WD, Westernized diet. Created with BioRender.com.  

 

Appetite state during measurements 

When assessing reward in relation to food-related behavior and intake it is important to consider the “need” 

state. In a metabolic hunger state, foods are more useful for the body and therefore also expected to be more 

rewarding (7,116).  

In the PRESET study, participants were overnight fasted when conducting the SBFPT and when initiating the 

ad libitum buffet meal. We chose this as part of the design as we presumed that a metabolic state of hunger 

from an overnight fast would induce a stronger biometric response for particularly EDA (117). As the aim was 

to test the SBFPT, we wanted the strongest possible response with the setup that we designed. In the setup, 
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food cues were only presented as images for practical reasons and not actual food items that would have 

added additional sensory attributes from odors and more detailed visual inputs and thereby potentially 

stronger biometric responses (118). 

A specific concern in the Greenland sub-study, was the intake prior to measuring food reward with the LFPQ. 

For the reward task, participants were overnight fasted except for a glucose drink that was consumed as part 

of an oral glucose tolerance test 60 minutes prior to the food reward assessment. Importantly, the sensory 

inputs from a prior intake can affect subsequent preferences (114,119,120). This is known as the effect of 

sensory specific satiety, where a certain taste will decrease the preference for a similar taste compared to a 

dissimilar taste (114,119). These studies by Griffioen-Roose and colleagues did however find that sweet taste 

of an exposure did not modulate the following preferences to the same extent as savory taste. Nevertheless, 

the intense sweet preload was very likely to have suppressed preferences for sweet foods, which could be 

important for explaining the findings of lower preferences for sweet relative to savory foods for both diet 

groups in the study. When looking at the four food groups, this was most apparent for the high-fat sweet foods 

(also relative to low-fat sweet foods), which were presumably also the food items that were highest in glucose 

content, specifically. Another potential explanation for the lower preference for sweet foods is the sucrase-

isomaltase variant which is common in the Arctic population (121). Homozygous carriers of this variant 

experience severe symptoms (e.g. stomach pain and diarrhea) after intake of sucrose, which could affect food 

preferences.   

Appetite state was not measured in the Greenland sub-study but should be considered in future studies. When 

analyzing the RESET study, appetite scores are available and will be included in analyses. Moreover, it will be 

possible to examine differences between fasted and fed state, as food reward and biometrics are measured 

both before and after a standardized mixed meal. In line with prior studies we will be able to study whether 

reward and biometric measures will change after food intake (7,118) and whether fasted and fed states would 

reveal different dissociation between components of food reward, e.g. a decrease in liking for high-fat sweet 

foods after a meal but an increase in wanting (32). 

 

Biometric measurements 

Applying different biometric measurements in nutritional research comes with several interesting 

opportunities to measure more implicit aspects of behavior. However, it also comes with several challenges 

such as the technical demands during both setup of a study, data collection, cleaning, and analyses, and 

interpretation. It sets requirements for researchers within the nutritional field who may often be more 
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experienced with clinical work and knowledge about nutrition and health than with technical prerequisites. 

Moreover, a feature of the technical potentials are the large datasets providing tens or hundreds of data points 

for each second of measuring that can again be summarized into multiple variables from where interpretations 

about the data can be made. With the exploratory approach of the PRESET study, we examined the different 

variables both individually (Paper I) and combined (Paper II). Selecting and studying individual variables in 

relation to an outcome is ideal when the aim is to relate the findings to specific processes or mechanisms (60) 

as in Paper I, where we found that variables related specifically to maintained attention from eye tracking 

were associated with food reward and intake. However, studies are still continuously exploring how specific 

associations between exposures and outcomes relate to different processes and mechanisms in food-related 

behavior (70,122). Moreover, combining the multiple variables as is made possible with machine learning 

could also provide us with information that cannot be detected by looking at metrics individually. However, 

with the large potential of data and multiple variables also comes the challenge of comparing results between 

studies. For all biometric devices, several different hardware and software models were used including 

different sampling rate, algorithms and filtering. For some eye tracking studies it was challenging to establish 

whether gaze points or fixations were used for calculating metrics (56,57). These parameters could further 

differ as to whether studies examined e.g. the total duration of fixations/gaze points or the count of 

fixations/gaze points, and on this background different psychological interpretations could be made about 

data (123). In our studies, when looking at multiple individual variables, we found that eye tracking variables 

related to maintained attention during decision-making processes were associated with food reward and food 

intake (Paper I). However, when all eye tracking variables were grouped together, they were not found to 

predict food intake (Paper II). For studies on EDA, there were differences as to whether studies examined skin 

conductance level (tonic level) (71,72) or skin conductance response (phasic level) (18,69,72–74). Also, studies 

on facial expression analyses were found to use both automated facial recognition analyses (71,83,117) and 

electromyography (124). For arousing and emotional responses measured from EDA and facial expression, we 

overall found low levels of response and only one variable from facial expression analyses was associated with 

food reward (Paper I). Explanations could be that the visual food cues (images of foods) were not engaging 

enough or that disliked food stimuli would have caused higher levels of response than the overall liked foods 

used as stimuli in the task (70,71,118). 

 

Populations 

Three different populations were represented in the studies presented in this thesis. All were adults; one group 

were Inuit people in Greenland and two groups were Danish of which one group were people with normal 
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weight and the other group were people with overweight and obesity at high risk of developing type 2 

diabetes. 

The participants with normal weight in the PRESET study consisted primarily of women (82.5%) who voluntarily 

participated in this study where they had the possibility of getting information on different personal health 

parameters. Based on prior studies, women are found to focus more on healthy eating and body weight 

regulation (125), but are also found to report more specific problems with eating, such as cravings for sweet 

foods (126). The participants in the RESET study had overweight with concomitant increased blood glucose 

levels or obesity, and voluntarily signed up for an interventional trial with the focus of changing lifestyle and 

potentially losing weight. These participants were generally expected to be highly motivated (127). However, 

despite these two populations potentially being more health-conscious and/or motivated toward lifestyle 

changes than the general population as well as keeping in mind the limitations of differences between the two 

study designs, we may find different food reward and biometric responses among the RESET participants 

compared to the PRESET participants. At least, some literature have found that the level of adiposity is 

associated with both food reward (16,45,128,129) and with eye tracking and facial expressions (56–59,85). 

Results are, however, not consistent across studies (46,52,54,60,61,130), and there is a need for further 

investigation and mapping of the individual variability in responses. To reduce variability and specify this 

mapping, multiple additional factors could be included such as binge eating or other eating behavior traits 

(107,131,132).  

An interesting factor in the Inuit population in Greenland is the increasing access to Western foods as is also 

discussed in Paper III where a focus is more specifically on the increasing access to more palatable and ultra-

processed food. However, it is also possible that the increasing access to Western foods in Greenland and the 

subsequent changes in food intake has affected the Inuit population to pursue a healthier diet. As well as 

increased access to ultra-processed and highly palatable foods and in particular foods high in fat and sugar, 

the increasing availability has also introduced a wider selection of vegetables, fruits and in general a greater 

variability especially in larger towns (105,133). As argued by Bellisle, 2003, it is easier to develop preferences 

for foods that are widely available (20), which could also be the case for some of these low-fat and fiber-rich 

foods that are increasingly being introduced to the food environment in Greenland. Inuit populations in the 

Canadian Arctic experience a pervasive food insecurity due to factors such as climate-related changes to 

environment affecting local hunting and harvesting and low income (134). This has been associated with intake 

of less nutritious and energy-dense foods (135). For some Inuit populations that still only have limited access 

to imported foods, the introduction of a broader food availability could potentially serve as a window of 

opportunity for promoting a varied diet and improving health for this population. 
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Study designs 

An important part of this thesis was to implement methods that assessed aspects of food-related behavior 

containing implicit features. This was done using biometric measurements and from the food reward 

component, implicit wanting, measured for the different food categories. Implicit wanting was based on forced 

choices and reaction times that were measured without participants’ knowledge and indicated how much a 

food was wanted relative to its alternative (30). The ad libitum buffet meal in the PRESET study was another 

part of the test day where it was important to consider how conscious participants were about the task and 

the laboratory setup as this could affect their food choices and intake (51,136). During the eating experience, 

participants were interrupted with subjective ratings, which could have affected their food intake by making 

participants more aware of the hedonic properties of the foods and of being measured (30). Moreover, the 

laboratory setup could change participants’ behavior by not providing them with habitual situational cues to 

eating, e.g. eating with family at home (51). Lastly, we chose to tell participants that we were interested in 

what and how much they wanted to eat during the ad libitum buffet meal as to not make participants 

suspicious to the aim and procedures during the test day. However, this could also have made participants 

more conscious about their food choices and made them control food intake deliberately (136). 

Regarding the biometric measures, we had an exploratory approach towards examining these in response to 

food images from different categories. With regards to the RESET study, it would have been optimal to first 

collect and analyze data from the PRESET study to potentially adapt the task according to results and 

experiences from the PRESET study. This was however not possible, as food reward and biometric measures 

were only secondary outcomes in the RESET study and the study had to be initiated at the time of ethical 

approval for several practical reasons including primarily funding obligations. One part of the SBFPT that we 

could consider adapting for future studies is the measures of EDA and facial expressions. Both showed low 

levels of responses across participants as also described above, and it could be discussed whether these should 

be included in the task. However, it is unknown whether other populations, e.g. people with overweight and 

obesity as in the RESET study, would respond differently and potentially more strongly to the food cues 

presented. This argues for also exploring the biometric results in the RESET study and evaluating and 

potentially adapting the task based on findings from both studies. Another limitation of the SBFPT is the time-

requirement (~25 minutes), as some participants indicated that it caused a certain degree of test fatigue. The 

coming results from the RESET study can indicate whether EDA and facial expressions should be included in 

the task and thereby whether the task could be shortened. In the PRESET and RESET studies, we did not include 

useability surveys, which could have provided useful feedback from participants. This should be included in 

future studies using the SBFPT. Moreover, in line with considerations about the validity of the implicit 
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measures, it could be considered that the first part of the SBFPT should be the forced choice task measuring 

implicit wanting. As such, participants would not have the current first part of the task (passive viewing and 

ratings) where there is no time constraint to make themselves consciously aware of many aspects of the foods 

before being asked to “implicitly” choose between the different food items. Lastly, in the considerations of 

including biometric technologies are the costs involved with procuring both hardware and software, which for 

some parts can be quite high (137). In this project, all biometric technologies were integrated into one 

software, the iMotions platform, which may have improved the usability and demands for learning only one 

software setup. 

In the Greenland sub-study, we only measured food reward after the dietary intervention. Participants were 

randomly allocated to the two diet groups, and we therefore assumed their baseline measures of food reward 

to be equally distributed in the two groups. There can be a high inter-individual variability in food reward 

measures, and it would of course have been optimal to conduct measures also at baseline. However, as these 

exploratory measures of food reward were added to the original study design after initiating the study, it was 

decided by the researchers responsible for the study that the first study day (baseline) should not include more 

measurements in consideration of participants. We planned to study food reward on the third test day after 

the second intervention of the main cross-over study, but unfortunately these measures had to be dropped 

for most participants due to practical issues during the first COVID-19 lockdown. 

 

Reproducibility and validity of measures 

The SBFPT was first used and tested in the PRESET study and we therefore have limited data on the validity 

of these specific measures. However, we assessed the day-to-day variability of food reward among a 

subgroup of participants, who took part in two additional test days in the PRESET study (study design is 

published in (138); data not published). This was interesting as we did not assess or control food intake prior 

to the fasting period before the test day, which could have affected food reward in the SBFPT in accordance 

with theories on sensory-specific satiety (119). Including data from three test days, we assessed the day-to-

day variability in implicit wanting and explicit liking for high-fat sweet foods. During all three test days, 

participants (n=15) were overnight fasted and conducted the task in the morning. Results showed a high 

correlation coefficient of 0.93-0.95 for implicit wanting and 0.80-0.87 for explicit liking for high-fat sweet 

foods. Day-to-day variability was not assessed for biometric measures. However, for eye tracking, a study 

examining food and non-food items found high test-retest reliability for variables related to maintained 

attention (dwell time), but low scores for initial attention variables (direction bias) (139). 
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The LFPQ that was used in the Greenland sub-study and integrated as part of the SBFPT in the PRESET and 

the RESET studies, has been widely used in prior studies. The food reward components retrieved from this 

computerized questionnaire was also found in other studies to be associated with both food choice and food 

intake (46,107,113,114). 

 

Ethical considerations 

The three research studies described above has provided more than the quantitative data that has served as 

base for the papers in this thesis. During these studies, hundreds of volunteer participants provided their time 

and effort to support research, which is important to acknowledge in interventional research. Their efforts as 

well as an increased focus on user involvement at Steno Diabetes Center Copenhagen during the course of my 

PhD have highlighted the importance of working with the research participants, making sure they are included 

throughout all phases of a research project. This includes involving users already from the ideation phase, 

throughout planning the study design and test days as well as making sure that participants are well-informed 

during the study and receive the overall results of the studies and their own personal results at the end. These 

considerations have especially become evident and important for me after doing research in Greenland, a 

former Danish colony with a long-associated history, and discussing with colleagues in this field of research. In 

Greenland, health-related studies can provide participants with general health care checks and increasing 

awareness of health that may not otherwise be accessible to the same extent. This should be a priority 

consideration in future research studies both in Greenland and elsewhere. 

 

Concluding remarks 

Studies included in this thesis explored food reward and biometrics in relation to food intake. For food reward, 

we found that reward measures for eight different food items were not strong predictors of ad libitum food 

intake of the same eight foods among Danish adults with normal weight. Moreover, we found that food reward 

did not differ between Inuit adults who had followed a TID compared to a WD for four weeks, except for higher 

implicit wanting for high-fat sweet foods among people that had followed the TID. In relation to biometrics 

measured among Danish adults with normal weight, we found that attentional responses measured using eye 

tracking differed significantly between four food categories and that these responses that were related to 

maintained attention were also positively associated with measures of food reward and food intake. Only the 

intensity of negative facial expressions was found to be associated with lower liking for foods. No other facial 
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expression variables or arousal variables measured from EDA differed between food categories or were 

associated with measures of food reward or food intake. When combining variables calculated from one or all 

the biometric sensors, we did not find biometric measures to be strong predictors of food intake. It remains 

to be determined whether food reward and biometric responses will change after 12 weeks of TRE in people 

with overweight or obesity at high risk of developing type 2 diabetes as assessed in the RESET study.  
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PERSPECTIVES 

Two of the studies included in this thesis, the PRESET and the RESET study, implemented the SBFPT to measure 

food reward and biometric responses to food cues in different populations. Evaluations made from both 

studies should determine how the task should be adapted for future research studies, e.g. whether all 

biometrics should be included. The RESET study will provide knowledge about whether food reward and 

biometrics change in response to a TRE intervention. However, measures are only conducted during the 

morning and do not consider diurnal variabilities. In a new study, we are therefore examining food reward as 

well as other measures of appetite at two different times of the day using a potentially modified version of the 

SBFPT. Participants, who differ with regards to BMI and type 2 diabetes status, will be examined during the 

morning following acute exercise and a standardized meal and, in the afternoon, following the same 

standardization. Ultimately, the aim is to gain knowledge about different aspects of appetite control in obesity 

and type 2 diabetes in the context of meal and exercise timing. For this study, we are also developing and 

validating a diurnal food image database with images that are appropriate for early and late consumption in a 

Danish population.  

Moreover, future studies should continue exploring eating behaviors and food reward in the Inuit population. 

In this regard, a list of recommendations is proposed based on observations and evaluations in the Greenland 

sub-study. A study in Greenland is currently examining the effects of the beforementioned sucrose-isomaltase 

variant on e.g. food reward using the LFPQ. As collaborator on this project, we have aimed at applying these 

recommendations: a) Validating food items: The food scene in Greenland and ongoing changes vary greatly 

depending on location. All locations must be reached by ship or flight, meaning less accessibility to smaller and 

more rural areas during especially the wintertime. Nevertheless, all food items used in a food reward task 

should be familiar to the participants in the study, represent the available variation in the food environment, 

be frequently consumed, and be overall liked; b) Study population: In relation to generalizability, it is important 

to consider the study population as food reward, food intake and other food-related behavioral measures can 

be affected by differences in factors such as age, socio-economic status including food insecurity, place of 

living (town/settlement) and food accessibility (e.g. yearly numbers of food shipments); c) Language barriers: 

Study personnel should be carefully trained in orally instructing participants in the task. It cannot be expected 

that all participants are able to read instructions on the screen. This should be assessed and analyzed 

systematically. Moreover, some Greenlanders speak and understand Danish fluently while others only speak 

Greenlandic. Therefore, the oral instructions as well as the task should be given in the participants’ preferred 

language; and d) Standardizing appetite: To increase external validity of findings, appetite should be 

standardized prior to the food reward task. Hunger can be standardized by providing a meal prior to the task 
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or by asking participants to fast overnight or for a certain number of hours. The meal consumed before the 

task should be mixed to limit the effects of sensory specific satiety.  

In a clinical perspective, the findings presented in this thesis could contribute with developing future 

interventions directed at modifying food-related behavior and food intake. In combination with existing and 

future research, our studies can guide which markers and factors should be studied and intervened on when 

aiming at decreasing food intake. An example could be to study specific eye tracking variables or to intervene 

on specific foods or food categories which make some people more susceptible to overconsumption. Multiple 

interventions have been effective for weight loss; however, the huge challenge comes with weight 

maintenance, which is most often unsuccessful in a longer time perspective. Therefore, interventions that 

focus on sustainable behavior changes and not only on calorie reduction are needed. Some studies have 

already focused on intervening on behavioral factors related to eating based on food cues (15,140) of which 

some show promising results, e.g. reduced food intake by reducing the responsivity to tempting cues (141). 

Future studies should consider a multidisciplinary approach to get a broader picture of how food-related 

behavior and intake affect us as humans in an obesogenic environment. 

In a public health perspective, the knowledge that we have gained from studying the behavioral responses to 

food and food cues will create the greatest impact by considering all stages of the socio-ecological model. With 

this, strategies should be developed to both: guide people based on individual susceptibility; make behavioral 

changes to the food environment in local communities, e.g. through nudging; and increase political will power 

to change regulations in the food environment, e.g. on food advertisement, taxes and food industry. The food 

industry makes a considerable profit from palatable, energy dense foods which can challenge the political 

willingness to change regulations (3). Moreover, despite many people wanting to improve their personal and 

family’s health, the convenience of the current environment has also created some degree of resistance, e.g. 

towards decreasing the accessibility, palatability and cost of foods that are highly liked and wanted (21). By 

applying research methodologies that can study how food-related behavior goes beyond conscious awareness 

and choices, it will be possible to add to explanations to why overeating and obesity are not personal choices. 

Thereby, stronger arguments can be raised to why high political will power is needed to change the current 

environment. Altogether, we need research to develop and support further knowledge such that interventions 

can be targeted to areas where they create more advantages than disadvantages and where they make a 

considerable, effective and sustainable impact to improve overall health and prevent diet-related diseases.  
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A B S T R A C T

Pervasive exposure to a vast and varied food repertoire has contributed to the obesity epidemic. Within this issue, 
there is a need for a better understanding of the psychophysiological responses to food cues that precede food 
choice and food intake to establish how these responses contribute to the link between food availability and 
increasing obesity levels. Biometric measures such as eye tracking, electrodermal activity and facial expressions 
may separately or collectively provide deeper insight into psychophysiological processes underlying food reward 
and food intake. We examined how biometric responses differed in foods varying in fat and taste and explored 
how these biometric signatures to food cues were related to food preference behaviours, food choice, and food 
intake. We developed and tested a biometric food preference task designed to concurrently assess biometric 
responses (eye tracking, electrodermal activity and facial expressions) and food reward to visual food stimuli 
from different food categories in 100 normal weight adults. Food intake and selection was examined using a 
simultaneous choice ad libitum buffet. The results from this cross-sectional study showed significant differences 
in visual attention towards foods varying in fat content and taste prior to making rapid food choice decisions. 
Furthermore, the study found positive associations between maintained attention during a forced choice para-
digm and subsequent food reward and food intake measures. Attention, arousal and facial expression during 
passive viewing were not associated with food reward or intake measures, except for an association between 
negative valence and explicit liking such that less liked foods elicited stronger negative facial expressions. The 
findings indicate that implicit, biometric responses to food cues predict both food reward and actual food intake.   

1. Introduction

Food intake is an important regulator of energy balance that has
evolved under pressures from a leptogenic environment (Berthoud et al., 
2020). However, we are now living in an environment with an abundant 
food supply consisting of processed, energy dense and palatable foods 
that promote passive overeating (Berthoud et al., 2020; Hall et al., 2019; 

Prentice, 2001). This has led to an increased prevalence of obesity and 
made it difficult for individuals to reverse weight gain while remaining 
exposed to obesogenic cues in the environment (Berthoud et al., 2020). 
Assessing the psychophysiological responses to food cues that may in-
fluence food intake and food choices is therefore important to under-
stand and prevent obesity and its related comorbidities. Food intake and 
food choices are determined by a complex interplay of homeostatic and 

Abbreviations: AOI, area of interest; BMI, body mass index; SBFPT, Steno Biometric Food Preference Task; SCR, skin conductance response; VAS, visual analogue 
scale. 
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hedonic processes (Berthoud et al., 2020). These processes consist of 
various cognitive, sensory, and metabolic factors such as sensory plea-
sure, metabolic hunger state, and knowledge about food (De Wijk et al., 
2014). In an obesogenic environment with an abundant food supply, 
cognitive, sensory, hedonic, and emotional processes often take prece-
dence over food choice decisions, making these non-homeostatic aspects 
an important field of research (Lee & Dixon, 2017). 

Measuring hedonic aspects of appetite often involves methods that 
rely on self-report. These methods require cognitive information pro-
cessing and reasoning (De Wijk et al., 2014) and are affected by factors 
such as social desirability. However, with an extensive number of food 
decisions each day, our choices and behaviour related to foods and food 
cues may largely be dependent on motivational processes that we are 
unaware of, unable or unwilling to articulate (De Wijk et al., 2014; 
Münzberg et al., 2016). These implicit aspects of motivation are more 
challenging to measure, and existing methodological approaches have 
relied on measuring reaction times, grip force, or the reinforcing value of 
food (Gibbons et al., 2019). However, technological advances in auto-
mated biometric systems that measure psychophysiological parameters, 
provide possibilities to look closer into some of the subtle implicit pro-
cesses that may contribute to food reward and food intake. 

An existing method to measure both explicit and implicit hedonic 
and motivational aspects of food reward is the Leeds Food Preference 
Questionnaire developed to examine the reward components, ‘liking’ 
and ‘wanting’ (Oustric et al., 2020). This computer task collects ratings, 
choices, and reaction times in response to visual food stimuli from 
different food categories (Dalton & Finlayson, 2014). However, results 
from the task still leave open questions as to why people respond as they 
do, and what psychophysiological processes are enabled before and 
during behavioural responses to food cues. This introduces a potential 
for biometric science within the study of appetite regulation and sensory 
science to give a deeper insight into the first and subconscious responses 
to different food cues. Biometrics are non-invasive behavioural and 
physiological measurements that may reflect motivational and affective 
responses towards foods. The basic premise for biometric techniques is 
that they can identify individuals’ traits based on biological and physi-
ological characteristics (Jain et al., 2011). Within food science and 
especially consumer science the application of biometrics has included 
heart rate, electroencephalography, electromyography, and the devices 
applied in this study, eye tracking, electrodermal activity, and auto-
mated facial expression analyses (Bell et al., 2018). 

Eye tracking is used as a direct behavioural measure to examine the 
visual attention to one or several objects. In the assessment of food cue 
responsiveness in normal weight individuals, there is evidence for dif-
ferences in both maintained and initial attention towards high and low 
calorie food images with higher attention towards high calorie foods 
(Castellanos et al., 2009; Doolan et al., 2014; Graham et al., 2011). 
Furthermore, studies have found a positive relationship with food liking 
(Wang et al., 2018) or craving (Werthmann et al., 2011), but not with 
food intake (Nijs et al., 2010; Werthmann et al., 2011). Electrodermal 
activity is used as a measure of psychophysiological arousal through 
autonomic nervous system activity. Only a limited number of studies 
have examined electrodermal activity in relation to food cues or food 
intake and these are inconsistent with regards to differences between 
food categories (Danner et al., 2014; De Wijk et al., 2014; Pallavicini 
et al., 2016; Samant & Seo, 2020; Verastegui-Tena et al., 2017) and 
associations with food reward (Danner et al., 2014; Samant & Seo, 
2019). However, electrodermal activity has been shown to differ be-
tween high and low calorie foods and food cue stimuli (Pallavicini et al., 
2016) and from negative to positive or neutral food images (Verastegui- 
Tena et al., 2017). Facial expression analyses are based on video ana-
lyses of individuals’ faces that are related to emotions using machine 
learning algorithms (McDuff et al., 2016). A limited number of studies 
have examined the differences in facial responses to viewing, tasting or 
smelling foods (Danner et al., 2014; Gunaratne et al., 2019; He et al., 
2017; Lee et al., 2018) or how they relate to food reward (Danner et al., 

2014; De Wijk et al., 2014), and results are inconsistent. No studies were 
found to examine how electrodermal activity or facial expressions relate 
to food intake. As this implies, the available studies are limited, incon-
sistent, and difficult to compare. Nevertheless, to promote a healthier 
diet we must investigate the individual motives and responses behind 
food choice and food intake. This implies the need to combine implicit 
measures from biometrics with already established, validated methods 
to measure hedonic aspects of appetite. Biometric responses may help to 
explain subsequent behavioural responses to different categories of 
foods. In line with other research, we examined responses to visual food 
cues, which have been shown to be similar to real foods in predicting 
eating behaviour and weight gain (Boswell & Kober, 2016). 

The overall aim of this cross-sectional study in normal weight adults 
was to develop and test a biometric food preference task to simulta-
neously assess several biometric responses and food reward to visual 
food stimuli from different food categories and to explore how these 
biometric responses relate to food preference behaviours and food 
intake. Specifically, our objectives were i) to assess differences in bio-
metric responses (eye tracking, electrodermal activity, and facial ex-
pressions) to visual food stimuli from four food categories varying in fat 
content and sweet/savoury taste using a biometric food preference task; 
ii) to assess differences in food reward (implicit wanting and explicit
liking) in response to visual food stimuli from these four food categories
using the biometric food preference task; iii) to assess differences in
intake of foods from these four food categories during an ad libitum
buffet; and iv) to examine associations of biometric responses with food
preferences and with actual food intake.

2. Methods

The study involved three parts: 1) we developed and validated a
Danish food image database representing foods and food categories 
commonly encountered in the Danish culture (described in Supple-
mentary material [SM]); 2) we developed the Steno Biometric Food 
Preference Task (SBFPT) based on a validated behavioural methodology 
including implicit and explicit responses to foods (Oustric et al., 2020); 
and 3) we conducted an experimental study in 100 normal weight adults 
to explore the biometric responses, food preference behaviours, and 
food intake, and the relationship between these variables. 

2.1. Steno Biometric Food Preference Task 

The biometric food preference task was designed in the software 
platform, iMotions 7.1. (iMotions A/S, Frederiksberg, Denmark), to 
concurrently collect biometric responses of eye tracking, electrodermal 
activity, and facial expressions to standardized food image stimuli 
(Fig. 1). The food stimuli shown in the images varied along two di-
mensions: fat content (low or high) and taste (sweet or savoury), 
creating a total of four food categories: high-fat sweet, high-fat savoury, 
low-fat sweet, and low-fat savoury. The validation and selection of food 
image stimuli is described in SM Methods, SM Table 1, and SM Table 2. 
Moreover, the food reward responses, explicit liking and implicit 
wanting, were assessed by integrating the procedures of the Leeds Food 
Preference Questionnaire (Oustric et al., 2020) into the platform. 

The task consists of three parts (Fig. 1) with continuous measure-
ments of eye tracking reflecting participants’ attention, electrodermal 
activity reflecting event related changes in the participants arousal 
levels, and facial recordings reflecting the valence of participants’ facial 
expressions. During the first part, participants were presented with a 
food image for 7000 ms, which allowed enough time to capture elec-
trodermal responses (passive viewing; Fig. 1A) (Boucsein et al., 2012). 
After each image, participants were asked to explicitly rate their ex-
pected liking (“How pleasant would it be to taste this food now?”) or 
wanting (“How much do you want some of this food now?”) on a 100- 
point visual analogue scale (VAS) (Fig. 1B). Altogether, 32 passive 
viewings and ratings were completed – 16 ratings related to explicit 
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liking and 16 ratings related to explicit wanting. Before each passive 
viewing, participants were presented with a fixation target (Thaler et al., 
2013) that varied randomly in exposure time (3000, 4000 or 5000 ms) to 
ensure that gaze was directed towards the centre of the screen and to 
make sure participants could not predict the exact onset of the next 
stimulus. Before rating, the participants were presented with a fixation 
target for 2000 ms to direct gaze to the centre of the screen. In the third 
part, using a forced choice methodology, participants had to choose 
between two food items (“Which food do you most want to eat now?”) 
from different food categories (Fig. 1C). After each choice, the food 
images remained on screen for another 2000 ms for recording visual 
exploration of the food items using eye tracking. Choice and reaction 
times were measured for a total of 96 forced choices to calculate an 
implicit wanting score for each food category. Before each pair of food 
items, a fixation target was shown for 1000 ms. 

2.2. Participants 

Participants were 30- to 70-year-old men and women from the 
Greater Copenhagen area in Denmark with body mass index (BMI) in the 
normal weight range (18.5–24.9 kg/m2). Exclusion criteria were al-
lergies to any of the food items included in the ad libitum meal, self- 
reported history of eating disorders in the past three years, or self- 
reported weight change (>5 kg) within three months prior to inclu-
sion. The study was conducted from October 2018 to August 2019 at 
Steno Diabetes Center Copenhagen, Gentofte, Denmark. One hundred 
ten people were screened for the study from whom 10 people were 
excluded due to screen failures. Out of the 100 participants included in 
the study, three were excluded from the analyses due to fainting or 
extreme nausea on the test day, or drinking coffee in the morning of the 
test day, leaving 97 participants for analysis. One participant did not 
complete the SBFPT due to technical issues but was kept in the analyses 

Fig. 1. Schematic presentation of the Steno Biometric Food Preference Task including the 16 food images selected for the task. The task consist of three parts: A) 
passive viewing of 16 food images viewed twice; B) rating of 16 food images according to explicit wanting and liking; and C) choosing between paired foods from 
different food categories with a total of 96 comparisons to calculate implicit wanting based on choices and reactions times. The food image shown in A) is sub-
sequently rated in B) and thereafter a new image is viewed in A) and so forth in a random order. All 16 food images are first (viewed and) rated according to one food 
preference component (liking or wanting) and thereafter the other food preference component in a random order. The 16 food items are distributed into four 
combined food categories: high-fat sweet, high-fat savoury, low-fat sweet, and low-fat savoury. Food items with a dashed picture border were served in the ad libitum 
buffet. VAS, Visual analogue scale. 
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with the data that was available. 

2.3. Study procedures 

The study procedures are illustrated in SM Fig. 1. Participants 
arrived at the research facility at Steno Diabetes Center Copenhagen, 
Gentofte, Denmark in the morning between 7:30 and 9:00 after an 8-h 
overnight fast allowing only water. Inclusion and exclusion criteria 
presented above were assessed in combination with measures of 
anthropometry, haemoglobin A1c (HbA1c), blood pressure, heart rate, 
and questions concerning use of medication and family history of dia-
betes or cardiovascular disease. Before the SBFPT, participants were 
familiarized with the food items presented in the task. After the SBFPT, a 
dual-energy x-ray absorptiometry (DXA) scan (Discovery DXA System; 
Hologic, MA, USA) was performed to measure body composition. Lastly, 
participants were served an ad libitum buffet to measure food intake. 
Food was ingested over 25 min starting between 9:23 and 11:19 AM. 
Before and after the SBFPT and the ad libitum buffet, participants 
answered questions related to their subjective appetite sensations using 
a tablet with a 100-point VAS. All procedures conformed to the Decla-
ration of Helsinki and were approved by the Ethics Committee of the 
Capital Region (H-18026293). All participants signed a written 
informed consent before taking part in the study. The study was 
exploratory in nature and registered with ClinicalTrials.gov 
(NCT03986619) with gaze duration bias as the primary outcome and 
other biometric measures as well as food reward and food intake as 
secondary outcomes. 

2.4. Data collection and analyses 

2.4.1. Anthropometry 
Body weight was measured using an electronic scale (Tanita BWB- 

620A, Amsterdam, The Netherlands) to the nearest 0.1 kg and height 
was measured using a wall-mounted stadiometer (SECA, Vogel&Halke, 
Hamburg, Germany) to the nearest 1 mm. Body weight and height were 
used to calculate BMI (kg/m2). 

2.4.2. Biometric measures 
The different hardware used to collect biometric data were all 

controlled and synchronized by iMotions software (iMotions 7.1, iMo-
tions A/S, Frederiksberg, Denmark). The software was used to collect, 
postprocess, and analyse the raw time series of data. For every partici-
pant, each of the attentional, arousing, and emotional responses to 32 
food images during the passive viewing of the SBFPT were grouped and 
averaged according to the four food categories: high-fat sweet, high-fat 
savoury, low-fat sweet, and low-fat savoury. A similar procedure was 
performed for the attentional responses to 96 choices during the forced 
choice of the SBFPT. 

2.4.2.1. Attention. Eye movements were recorded with a Tobii Pro X2- 
60 screen-based eye tracker (Tobii, Stockholm, Sweden) with a sampling 
rate of 60 Hz. The food images were presented on a 24′′ monitor with a 
screen resolution of 1920 × 1200 pixels. Before the task, participants 
completed a nine-point calibration procedure to ensure optimal eye 
tracking accuracy. The eye tracker uses near-infrared technologies to 
track and calculate gaze points, i.e. where participants are looking. Gaze 
points refer to raw samples captured by the eye tracker and are used to 
classify fixations using the I-VT Filter based on the speed of eye move-
ments being lower than a velocity threshold of 30◦/s (Komogortsev 
et al., 2010). To analyse eye tracking, the same sized and shaped area of 
interest (AOI) was defined to cover each food image in the software. 
Fixations within the AOIs were used to determine the time before 
looking and the time spent looking at each food. Eye tracking data 

Table 1 
Description of the biometric variables included in the analyses.   

Measured during Description of variable 

Eye tracking 
Fixation duration bias Forced choice Maintained attention calculated as the time spent fixating on a food as a proportion of the total time 

spent fixating at either food during an exposure*. Duration bias >0.5 reflects longer maintained 
attention to food within the category; 0.5 no bias; <0.5 reflects longer maintained attention to another 
food category. 

Time to first fixation (ms) Forced choice The average time it took participants to direct their first fixation towards a food image*. 
Total fixation duration (ms and %) Forced choice 

(ms and %) 
Passive viewing 
(ms) 

Maintained attention to a food image calculated as the absolute time (ms) or relative time (%) a 
participant spent looking at a food image*. 

Fixation counts Forced choice 
Passive viewing 

Maintained attention calculated by counting the number of fixations within a food image AOI during a 
food image exposure*. 

Duration of first visit (ms) Passive viewing Early maintenance of attention calculated as the duration of all fixations from the first visit on the food 
image until the eyes shifted away from the food to another place on the screen*. 

Fixation counts of first visit (n) Passive viewing Early maintenance of attention reflected by the number of fixations during the first visit*.  

Electrodermal activity 
Skin conductance response, SCR Passive viewing Binominal outcome reflecting whether a participant had a SCR during exposure to at least one food 

image in a food category (=1) or no SCR to a food category (=0). Threshold for SCR was 0.01 µS. 
Sum of SCR amplitudes (µs) Passive viewing The magnitude of SCRs calculated as a sum of all SCR amplitudes to a food image*. 
Average phasic response (µs) Passive viewing The average phasic response to a food image*. 
Maximum phasic response (µs) Passive viewing The maximum phasic response to a food image*.  

Facial expressions 
Negative valence (prob < − 10%) Passive viewing The proportion of time below a likelihood threshold value of − 10 out of the total food image exposure 

time*. 
Positive valence (prob > 10%) Passive viewing The proportion of time above a likelihood threshold value of 10 out of the total food image exposure 

time*. 
Minimum valence (prob) Passive viewing Calculated using a running mean throughout a food image exposure to find the continuous 10 samples 

(1/3 sec) where a participant expressed the highest likelihood for negative valence (=lowest value from 
− 100 to 100)*. 

Maximum valence (prob) Passive viewing Calculated using a running mean throughout a food image exposure to find the continuous 10 samples 
(1/3 sec) where a participant expressed the highest likelihood for positive valence (=highest value from 
− 100 to 100)*. 

AOI, area of interest; SCR, skin conductance response; prob, probability. 
* averaged across all food images within a food category. 
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quality was calculated as valid data points collected in proportion to the 
maximum number of data points that could be collected. Stimuli with a 
quality below the 10th percentile were excluded from the study to 
correct for low trackability data from participants with glasses or droopy 
eye lids (Tobii, 2014). Low quality data equalled all stimuli with a 
quality <55% during passive viewing and <62% during forced choice. 
Four eye tracking variables during ratings and four during forced choice 
were used to assess each participant’s objective visual attention to the 
four food categories (Table 1). 

2.4.2.2. Arousal. Electrodermal activity was collected using a BIOPAC 
MP160 system (BioPac Systems, CA, USA) and disposable BIOPAC 
EL507 electrodes with isotonic gel attached to the plantar side of the 
participants’ right foot. Signals were sampled at 500 Hz. Data were 
online band-pass filtered between 0.01 Hz and 1 Hz, and were subse-
quently analysed using the Continuous Decomposition Analysis (Bene-
dek & Kaernbach, 2010) in the software Ledalab V3.4.9 (www.ledalab. 
de) to extract continuous phasic and tonic activity within a response 
window of 1–4 s. Two electrodermal activity variables describing the 
skin conductance responses (SCR) and two variables describing the 
general phasic response were chosen to assess each participant’s arousal 
in response to food image stimuli (Table 1). 

2.4.2.3. Facial expressions. The non-intrusive, automated facial action 
coding system, AFFDEX SDK 4.0 (Affectiva Inc., Waltham, USA) was 
implemented in the iMotions platform and used to analyse the facial 
expressions of participants. During exposure to food images, partici-
pants’ faces were recorded using a webcam with a sampling rate of 30 
frames per second. With the AFFDEX technology, a classifier algorithm 
(the Viola-Jones face detection algorithm (Viola & Jones, 2004)) was 
first used to detect the face via the webcam, followed by a detection of 
34 landmarks within the face (e.g. eyebrows, eyes, nose, and mouth). 
Positions and movements of the landmarks were translated into facial 
actions (e.g. nose wrinkle or lip suck) using a classification algorithm 
(McDuff et al., 2016). Based on combinations of facial actions, scores of 
affective valence were derived (McDuff et al., 2016). The valence score 
is based on observed facial expressions that increase the likelihood of 
either a positive nature (smile and cheek raise) or negative nature (inner 
brow raise, brow furrow, nose wrinkle, upper lip raise, lip corner 
depressor, chin raise, lip press, and lip suck) of a participant’s experi-
ence (Brand & Ulrich, 2019). Valence scores were expressed as a prob-
ability score from − 100 to 100. A measure of 100 indicated a 100 
percent likelihood of a positive experience, a measure of − 100 indicated 
a 100 percent likelihood of a negative experience, and a measure of 
0 indicated a neutral affect (Brand & Ulrich, 2019). From raw valence 
scores, four variables were derived describing the intensity and fre-
quency of negative and positive valence during food image exposures 
(Table 1). 

2.4.3. Food reward 
Participants’ subjective expectations of liking for the four food cat-

egories, subsequently described as explicit liking, were collected from 
ratings in the SBFPT. For each participant, explicit liking scores for the 
food items were grouped and averaged according to the four food cat-
egories ranging from 0 to 100. A low score indicated lower liking, 
whereas a high score indicated higher liking for a food category. 

Implicit wanting for the four food categories was assessed during 
forced choice from choices and reaction times in the SBFPT. Implicit 
wanting was calculated as a composite score for one food category 
relative to the other categories. The score is based on frequency of 
choice, reaction time for chosen and non-chosen foods, and a mean re-
action time using the following formula (Oustric et al., 2020): 

Implicit wanting : IA =
∑Nchoice

i=1

t
ti
−

∑Nnon− choice

j=1

t
tj 

Formula legend: IA = Implicit wanting for category A; Nchoice = number of 
times category A was chosen; Nnon-choice = number of times category A was 
not chosen; t = mean of all reaction times. 

A total score that was positive would indicate a more rapid prefer-
ence for that food category compared to other food categories, whereas a 
negative score would indicate the opposite. 

2.4.4. Food intake 
In an ad libitum buffet, participants were served eight food items on 

separate plates. For practical reasons, only two of the four foods from 
each of the four food categories were presented in the buffet (Fig. 1). 
Certain criteria were set for selecting the two foods from each food 
category: they could represent the food category; they were available all 
seasons; and they were feasible to prepare uniformly in the Steno food 
laboratory kitchen. Participants were instructed to eat as much or as 
little as they wanted. Participants were eating alone in a room and 
instructed to stay in the room for 25 min until the researcher came to 
collect them. Throughout the ad libitum buffet, water was freely avail-
able. Each plate with foods was weighed before and after each meal to 
measure food intake (g) and calculate energy intake (kJ) of foods within 
each food category. For each participant, food intake (g) and energy 
intake (kJ) of each food was grouped and averaged according to the four 
food categories. 

2.5. Statistical analyses 

Statistical analyses were performed using R version 3.5.2 in Rstudio 
version 1.1.463 (Rstudio, Boston, MA, USA). All responses from bio-
metrics, food reward and food/energy intake to food categories are re-
ported as medians [interquartile range (IQR)]. We analysed between- 
group differences in food categories for all outcomes with linear 
mixed-effects models for the continuous outcomes and with generalised 
linear models for the binary responses (lmer and glmer functions from 
the lme4 Package version 1.1–21). Food categories were included as 
fixed effects and a participant-specific random intercept was included to 
account for the correlation of repeated measurements within 
participants. 

Associations of biometric signatures as exposures with measures of 
food reward and food/energy intake as response were modelled using 
the same model as described above. The biometric variable as well as 
food category were included as fixed effects. Furthermore, an interac-
tion term with food category and the biometric variable was first entered 
to assess the inter-dependency between a biometric response and a food 
category. However, no interactions were significant after testing for 
multiple comparisons, and the interaction term was therefore removed. 

Visual inspection was used to assess normality of the model residuals 
and when necessary, the outcome variables were logarithmically 
transformed to obtain normally distributed model residuals. If it was not 
possible to obtain normality, the non-parametric Friedman test was used 
to compare food categories in analyses of between-group differences. 

In case of significant results for both food category differences and 
association analyses, a post-hoc Benjamini-Hochberg procedure was 
used to control for multiple comparisons and the p-values with a false 
detection rate below 0.05 were marked (Benjamini & Hochberg, 1995). 
Statistical significance was determined by a two-sided P < 0.05. 

3. Results 

The food image stimuli used in the SBFPT were validated using on-
line questionnaires, and results and characteristics of food images are 
summarised in SM Results and SM Table 3. Results from the experi-
mental study is described below. Participant characteristics are sum-
marized in Table 2 and the process for including and analysing 
participants is summarized in a flow diagram in SM Fig. 2. 
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3.1. Biometric measures 

3.1.1. Attentional responses 
In the SBFPT there were significant between-group differences in the 

participants’ attentional responses to the four food categories during 
both forced choice and passive viewing (Table 3 and Fig. 2). During 
forced choice, we found significant differences for maintained attention 
to the food categories after correcting for multiple comparisons. This 
was observed for all variables related to maintained attention: fixation 
duration bias, total fixation duration (ms and %), and fixation counts. 
During passive viewing there was a significant difference in participants’ 
initial attention to the food categories when measuring fixation counts 
of first visit. During both parts of the test, participants directed most 
attention towards low-fat sweet and low-fat savoury foods and least 
attention towards high-fat sweet foods. 

3.1.2. Arousal 
Results for electrodermal responses (reflecting participants’ arousal) 

to each food category during passive viewing in the SBFPT are sum-
marized in Table 3 and Fig. 2 and display no differences between food 
categories. Between 66 and 71% of participants had at least one skin 
conductance response towards any of the food images within a category. 
There was a large interindividual variability in how many food image 
stimuli elicited a skin conductance response with a median [range] of 7 
[0–28] skin conductance responses during the 32 passive viewing 
stimuli. 

3.1.3. Facial expressions 
Results on facial expressions are displayed in Table 3 and Fig. 2 with 

no significant differences between food categories. The level of positive 
valence was close to zero when averaging across all food images within a 
food category. Conversely, there was a higher level of negative valence 
considering both the intensity and frequency parameter. 

3.2. Food reward and food intake 

Results describing food reward and food intake are summarized in 
Table 4 and Fig. 2 and display significant differences between food 
categories. Food reward outcomes, explicit liking and implicit wanting, 
as well as food intake (g) showed the same pattern across food categories 
as the eye tracking and facial expressions: participants had numerically 
higher preferences for and intake of low-fat compared to high-fat foods. 
Energy intake was higher for high-fat compared to low-fat foods. 
Numerically, all food reward and food intake variables showed higher 
preferences for high-fat savoury foods compared to high-fat sweet foods 
and higher preferences for low-fat sweet foods compared to low-fat 
savoury foods. Participants had an average (SD) total food intake of 
348 (136) g and energy intake of 2944 (1072) kJ. 

Table 2 
Participant characteristics (n = 97).  

Women (n (%)) 80 (82.5) 
Age, years 63.3 [50.9, 66.0] 
Weight, kg 63.3 (7.9) 
BMI, kg/m2 22.4 (1.5) 
Education (%)  
Vocational/technical 4.1 
Short 18.6 
Medium 49.5 
Long 25.8 
Other 2.1 
Occupation (%)  
Employed 52.6 
Unemployed 6.2 
Student 1.0 
Retired 40.2 

Data are presented as mean (SD) or median [Q1, Q3] unless 
otherwise stated. BMI, body mass index. 

Table 3 
Biometric characteristics of food categories (n = 96).   

HFSA HFSW LFSA LFSW p value 

Attention (forced choice) 
Fixation duration bias 0.50 [0.46, 0.54] 0.43 [0.38, 0.48] 0.51 [0.47, 0.56] 0.56 [0.52, 0.59] <0.001a 

Time to first fixation (ms) # 513 [447, 629] 505 [440, 611] 503 [456, 604] 509 [453, 593] 0.290 
Total fixation duration (ms) 440 [294, 570] 379 [228, 522] 444 [315, 580] 454 [329, 604] <0.001a 

Total fixation duration (%) 25.1 [16.8, 31.1] 21.5 [14.7, 25.9] 26.5 [16.7, 32.6] 27.3 [18.7, 33.4] <0.001a 

Fixation counts (n) 2.0 [1.6, 2.5] 1.8 [1.4, 2.3] 2.1 [1.6, 2.5] 2.1 [1.6, 2.5] <0.001a  

Attention (passive viewing) 
Total fixation duration (ms) 4509 [3058, 5422] 4447 [2980, 5470] 4513 [2935, 5497] 4547 [2991, 5590] 0.404 
Fixation counts 14.8 [11.6, 17.0] 14.8 [10.8, 17.0] 15.2 [11.1, 17.5] 14.8 [12.0, 17.5] 0.005 
Duration of first visit (ms) 3985 [2414, 4999] 3717 [2273, 4916] 3617 [2383, 5076] 4080 [2358, 5029] 0.354 
Fixation counts of first visit (n) 13.0 [9.9, 16.0] 11.9 [9.3, 15.6] 13.8 [10.3, 15.9] 13.3 [10.7, 16.7] <0.001a  

Arousal 
SCR (%) 63 (66) 68 (71) 66 (69) 65 (68) 0.701 
Sum of SCR-amplitudes (µS) # 0.077 [0.000, 0.383] 0.077 [0.000, 0.428] 0.078 [0.000, 0.374] 0.037 [0.000, 0.353] 0.454 
Average phasic response (µS) ƚ 0.020 [0.008, 0.059] 0.016 [0.008, 0.067] 0.015 [0.008, 0.059] 0.014 [0.008, 0.053] 0.244 
Max phasic activity (µS) ƚ 0.090 [0.041, 0.211] 0.085 [0.042, 0.207] 0.096 [0.046, 0.249] 0.091 [0.039, 0.219] 0.711  

Facial expressions 
Negative valence (prob < − 10%) # 5.5 [0.0, 29.1] 4.1 [0.0, 25.0] 6.0 [0.0, 29.5] 6.8 [0.2, 26.0] 0.115 
Positive valence (prob > 10%) # 0.0 [0.0, 0.0] 0.0 [0.0, 0.0] 0.0 [0.0, 0.0] 0.0 [0.0, 0.0] 0.164 
Minimum valence # − 8.75 [− 19.55, − 0.30] − 6.70 [− 21.52, − 0.44] − 9.25 [− 21.10, − 1.01] − 10.51 [− 19.93, − 1.47] 0.335 
Maximum valence # 0.00 [− 0.06, 0.00] 0.00 [0.00, 0.00] 0.00 [− 0.04, 0.00] 0.00 [− 0.09, 0.00] 0.860 

Biometric characteristics for each food category are expressed as median [Q1, Q3]. P values for between-group differences in food categories were modelled by linear 
mixed-effects models unless otherwise stated. HFSW, high-fat sweet; LFSW, low-fat sweet; HFSA, high-fat savoury; LFSA, low-fat savoury; SCR, skin conductance 
response; prob, probability. 

a
= p value with a false detection rate below 0.05 (Benjamini-Hochberg Procedure), 

ƚ = log-transformed outcome, 
# = Friedman test. 
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Fig. 2. Violin plots visualizing the distributions of responses to four food categories. a - b, food reward responses. c - d, food and energy intake responses. e - i, 
attentional responses during forced choice. j - m, attentional responses during passive viewing. n - p, Arousal responses during passive viewing. q - t, facial ex-
pressions during passive viewing. HFSW, high-fat sweet; LFSW, low-fat sweet; HFSA, high-fat savoury; LFSA, low-fat savoury. 
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3.3. Associations of biometric responses with food preferences and food 
intake 

3.3.1. Association of attention with food reward and food intake 
Results showed associations between attentional responses to each 

food category measured during the forced choice methodology and food 
reward after correcting for multiple comparisons (Table 5). For food 
reward, participants’ fixation duration bias and total fixation duration 
(%) during the forced choice methodology were positively associated 
with both explicit liking and implicit wanting for foods. Furthermore, 
total fixation duration (ms) and fixation duration counts were also 
positively associated with explicit liking for foods (Table 5). With 
regards to food intake, the participants’ maintained attention, expressed 
as fixation duration (%), was positively associated with both the amount 
of food eaten (g) and the energy intake (kJ) within a food category 
(Table 6). After correcting for multiple comparisons, no attentional re-
sponses during passive viewing were associated with food reward or 
food intake. Association plots are displayed in SM Fig. 3 and SM Fig. 4. 

3.3.2. Association of arousal with food reward and food intake 
Participants’ electrodermal responses were not significantly associ-

ated with food reward or food intake when correcting for multiple 
comparisons (Tables 5 and 6). 

3.3.3. Association of facial expressions with food reward and food intake 
The intensity of facial expressions related to negative valence was 

positively associated with participants’ explicit liking for foods meaning 
that less liked foods elicited stronger negative facial expressions (Table 5 
and SM Fig. 3). No other facial expressions were associated with food 
reward or food intake when correcting for multiple comparisons (Ta-
bles 5 and 6). 

4. Discussion 

In order to explore how biometric responses are associated with food 
reward and food intake, this study developed a novel methodological 
approach that combined several biometric measures and examined them 
in response to food cues. These biometric signatures were subsequently 
explored in relation to explicit and implicit reward measures and sub-
sequent objective measures of ad libitum food intake. Overall, our study 
population displayed significant differences in attentional responses to 
the four food categories, i.e. maintained attention during forced choice 
and initial attention during passive viewing. No differences were found 
for arousal and facial expression for the food categories. There were 

strong associations of how long participants maintained their attention 
towards foods during forced choice with their liking and wanting (food 
reward) and with intake of foods within each food category. Attention, 
arousal, and facial expression responses during passive viewing were not 
associated with food reward or food intake measures, except for an as-
sociation between negative valence and explicit liking such that less 
liked foods also elicited stronger negative facial expressions. 

Visual processing of food cues initiates a set of early pre-prandial and 
cephalic phase responses that help to prepare the body for the intake of 
food (van der Laan et al., 2011). Together with our learned knowledge 
about a food, a food cue can create expectations of ingestive and post- 
ingestive effects and elicit a variety of anticipatory responses in the 
body (Boutelle et al., 2020; van der Laan et al., 2011; Verastegui-Tena 
et al., 2017). These responses include both physiological and cognitive 
processes (Boutelle et al., 2020; van der Laan et al., 2011), and 
measuring different aspects of these provide insight into what drives our 
eating behaviours. In this study, we assessed responses towards sweet or 
savoury and low- or high-fat foods. We know that taste of food is 
important for food choice (Puputti et al., 2019), and high-fat/sugar diets 
can promote higher food reward and overeating in animals and humans 

Table 4 
Food reward (n = 96) and food intake (n = 97).   

HFSA HFSW LFSA LFSW p value 

Food reward 
Explicit 

liking 
60 [49, 71] 56 [34, 72] 66 [54, 

76] 
79 [71, 
88] 

<0.001a 

Implicit 
wanting 

− 4.8 
[− 19.0, 
9.0] 

− 32.5 
[− 48.3, 
− 9.1] 

10.7 
[− 7.1, 
21.0] 

29.4 
[16.3, 
39.3] 

<0.001a  

Food intake 
Energy 

intake 
(kJ) ƚ 

1135 [741, 
1572] 

798 [587, 
1210] 

225 [118, 
398] 

523 [398, 
714] 

<0.001a 

Food intake 
(g) ƚ 

56 [38, 82] 46 [33, 71] 84 [54, 
136] 

141 [111, 
197] 

<0.001a 

Food reward and food intake characteristics for each food category are expressed 
as median [Q1, Q3]. P values for between-group differences in food categories 
were modelled by linear mixed-effects models. HFSW, high-fat sweet; LFSW, 
low-fat sweet; HFSA, high-fat savoury; LFSA, low-fat savoury. 

a = p value with a false detection rate below 0.05 (Benjamini-Hochberg 
Procedure), 

ƚ = log-transformed outcome. 

Table 5 
Associations between biometric responses and food reward. (n = 96).   

Explicit liking Implicit wanting  

Estimate (95% 
CI) 

p value Estimate (95% 
CI) 

p value 

Eye tracking (forced choice) 
Fixation duration 

bias 
79 (59; 99) <0.001 

a 
193 (166; 220) <0.001 

a 

Time to first 
fixation (ms) 

− 0.009 
(− 0.023; 0.004) 

0.166 0.001 (− 0.012; 
0.015) 

0.834 

Total fixation 
duration (ms) 

0.023 (0.012; 
0.033) 

<0.001 
a 

0.013 (0.002; 
0.023) 

0.015 

Total fixation 
duration (%) 

0.71 (0.45; 0.97) <0.001 
a 

0.5 (0.26; 0.74) <0.001 
a 

Fixation counts 
(n) 

5.5 (2.5; 8.4) <0.001 
a 

2.7 (− 0.1; 5.5) 0.061  

Eye tracking (passive viewing) 
Total fixation 

duration (ms) 
− 0.0001 
(− 0.0017; 
0.0014) 

0.861 − 0.0003 
(− 0.0017; 
0.0012) 

0.700 

Fixation counts 0.1 (− 0.5; 0.7) 0.691 − 0.1 (− 0.6; 0.4) 0.717 
Duration of first 

visit (ms) 
− 0.0002 
(− 0.0017; 
0.0013) 

0.802 − 0.0004 
(− 0.0018; 
0.0011) 

0.618 

Fixation counts of 
first visit (n) 

0.0 (− 0.5; 0.6) 0.868 − 0.1 (− 0.6; 0.4) 0.641  

Electrodermal activity 
SCR (yes) − 1.8 (− 6.4; 2.7) 0.422 0.0 (− 5.1; 5.0) 0.993 
Sum of SCR- 

amplitudes (µS) 
b 

− 0.1 (− 0.3; 0.1) 0.394 0.0 (− 0.2; 0.2) 0.983 

Average phasic 
response (µS) b 

− 0.5 (− 1.9; 1.0) 0.529 0.1 (− 1.4; 1.5) 0.909 

Max phasic 
response (µS) b 

− 0.2 (− 1.8; 1.3) 0.799 0.0 (− 1.5; 1.5) 0.993  

Facial expressions 
Negative valence 

(prob < − 10) 
− 0.07 (− 0.15; 
0.01) 

0.076 0.00 (− 0.08; 
0.08) 

0.972 

Positive valence 
(prob > 10) 

− 0.06 (− 0.34; 
0.22) 

0.681 − 0.01 (− 0.31; 
0.28) 

0.938 

Minimum valence 0.25 (0.08; 0.42) 0.004 a − 0.01 (− 0.18; 
0.17) 

0.944 

Maximum valence 0.10 (− 0.15; 
0.34) 

0.454 0.06 (− 0.20; 
0.32) 

0.641 

Linear mixed-effects models showing biometric associations with food reward. 
SCR, skin conductance response; prob, probability. 

a = p value with a false detection rate below 0.05 (Benjamini-Hochberg 
Procedure), 

b = log2-transformed. 
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(Berthoud et al., 2020; Boutelle et al., 2020; Johnson & Wardle, 2014). 
With a rich set of information from the SBFPT in a large sample size, we 
were able to explore how food cues from different food categories 
affected physiological and cognitive processes, and how these processes 
were related to reward formation and actual food intake. Food cues, i.e. 
images, for the SBFPT were culturally adapted and validated to make 
sure they were appropriate for use in a Danish breakfast/brunch context 
(Oustric et al., 2020). Standardizing images according to culture mini-
mizes the risk that parameters such as recognition, identification, and 
appropriateness will affect responses during the task. 

In the following sections we discuss how the biometric responses 
differ according to food categories and how they are associated with 
food reward and food intake. 

The visual system is one of the primary guides of food choice (van der 
Laan et al., 2011) and just the sight of food is known to activate reward 
centres in the brain (Nummenmaa et al., 2011). In this study, we 
examined different eye tracking variables related to initial and main-
tained visual attention and in response to looking at both single (passive 
viewing) and pairwise (forced choice) food images. Results showed that 
all maintained attentional response variables during pairwise image 
exposure differed between food categories in this population of normal 
weight adults. Contrary to existing literature (Castellanos et al., 2009; 
Doolan et al., 2014; Graham et al., 2011), our results indicated that 
participants directed more attention towards low-fat foods compared to 
high-fat foods. Initial attention is a measure of the immediate attention- 
grabbing effect of a food that may be related to the saliency of the food 
due to e.g. visual appearance, whereas maintained attention is a mea-
sure of the total attention-grabbing effect that may be related to higher 
cognitive functioning and in some participants to an avoidance response 
(Lee et al., 2018). The cognitive processing during maintained attention 
can be related to the hedonic evaluation of the foods and can also 
include inhibitory cognitive processes such as self-regulation (van der 
Laan et al., 2011). An explanation for the findings in our study could be 
that participants were able to resist temptations of palatable foods as a 
strategy to maintain their healthy body weight (van der Laan et al., 

2011) by directing most attention towards foods that were not high-fat 
sweet. We found positive associations of maintained attentional re-
sponses with mainly explicit liking but also with implicit wanting as well 
as food- and energy intake, which could illustrate how the visual system 
is used for and related to hedonic evaluation. Also, it indicates that with 
a direct competition between two food images and a decision-goal, the 
relationship between viewing time and evaluation of the food is positive. 
Without this competition the relationship appears to be more complex: 
during passive viewing of a single food image, differences between food 
categories were found only for the initial fixation counts. This finding 
could indicate that differences between foods can be detected when 
measuring whether or how frequently fixations move within the AOI 
(exploration of food image) rather than measuring the total amount of 
time exploring a single food image. Less is known about absolute eval-
uations based on single image exposures compared to relative prefer-
ence formation based on forced choice (Wolf et al., 2018). However, it 
has been found that single image exposures that are shown for a fixed 
amount of time as in this study (7000 ms) are not related to food eval-
uation compared to single images where participants can determine the 
viewing time (Wolf et al., 2018). This indicates that viewing a single 
image does not intrinsically influence and lead to an increased liking, 
which supports the lack of a relationship of single image exposures with 
food reward or intake in the present study. In support of our findings 
other studies have also found positive associations between viewing 
multiple foods and liking (Wang et al., 2018) or wanting (Werthmann 
et al., 2011) for foods. The association between attention and food 
intake found in this study compared to other studies, could indicate the 
importance of the specific eye tracking variables, as other studies 
examining the eye tracking variables, direction bias (Nijs et al., 2010; 
Werthmann et al., 2011) and duration bias (Nijs et al., 2010), instead of 
total fixation duration did not show significant associations with food 
intake. 

Arousal responses did not differ significantly between food cate-
gories, which is in line with the few other studies examining skin 
conductance responses to different types of foods (De Wijk et al., 2014; 

Table 6 
Associations between biometric outcomes and food and energy intake (n = 96).   

Energy intake (%)ƚ Food intake (%)ƚ  

Estimate (95%CI) p value Estimate (95%CI) p value 

Eye tracking (forced choice) 
Fixation duration bias 138 (0; 464)  0.050 135 (6; 417)  0.035 
Time to first fixation (ms) − 0.013 (− 0.054; 0.029)  0.552 − 0.003 (− 0.043; 0.037)  0.883 
Total fixation duration (ms) 0.036 (0.004; 0.067)  0.028 0.035 (0.004; 0.065)  0.027 
Total fixation duration (%) 1.23 (0.45; 2.02)  0.002 a 1.29 (0.53; 2.04)  0.001 a 

Fixation counts (n) 3.7 (− 5.3; 13.4)  0.434 2.4 (− 6.1; 11.7)  0.583  

Eye tracking (passive viewing) 
Total fixation duration (ms) 0.0049 (0.0004; 0.0093)  0.032 0.0035 (− 0.0008; 0.0079)  0.110 
Fixation counts 0.3 (− 1.4; 2.0)  0.759 0.1 (− 1.6; 1.7)  0.927 
Duration of first visit (ms) 0.0053 (0.0009; 0.0097)  0.018 0.004 (− 0.0003; 0.0082)  0.066 
Fixation counts of first visit (n) 0.8 (− 0.8; 2.4)  0.339 0.5 (− 1; 2)  0.525  

Electrodermal activity 
SCR (yes) 17.3 (0.9; 36.3)  0.038 12.5 (− 2.4; 29.8)  0.105 
Sum of SCR-amplitudes (µS) b 0.7 (0.1; 1.3)  0.033 0.5 (− 0.1; 1.1)  0.075 
Average phasic response (µS) b 3.8 (− 0.8; 8.7)  0.104 4.1 (− 0.3; 8.7)  0.069 
Max phasic response (µS) b 2.3 (− 2.3; 7.2)  0.333 2.8 (− 1.7; 7.5)  0.226  

Facial expressions 
Negative valence (prob < − 10) − 0.20 (− 0.44; 0.05)  0.114 − 0.19 (− 0.42; 0.05)  0.120 
Positive valence (prob > 10) 0.23 (− 0.68; 1.16)  0.619 0.22 (− 0.65; 1.1)  0.619 
Minimum valence 0.57 (0.03; 1.11)  0.037 0.36 (− 0.17; 0.88)  0.180 
Maximum valence 0.45 (− 0.35; 1.26)  0.270 0.51 (− 0.26; 1.28)  0.192 

Linear mixed-effects models showing associations between biometric associations and food and energy intake. SCR, skin conductance response; prob, probability. 
a = p value with a false detection rate below 0.05 (Benjamini-Hochberg Procedure), 
b
= log2-transformed, 

ƚ = log-transformed and back-transformed, and the estimates therefore indicate the percentage change in energy and food intake per change in the biometric 
variable. 
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Samant & Seo, 2020). However, nutrient specific changes in emotional 
responsiveness to food has been proposed (Craeynest et al., 2008; 
Privitera et al., 2013), and some studies have shown differences (Danner 
et al., 2014; Pallavicini et al., 2016; Verastegui-Tena et al., 2017), i.e. 
higher responses in electrodermal activity to negative (worms) visual 
food cues compared to neutral (soy) and positive (chocolate) food cues. 
Negative cues can elicit aversive or defensive responses, whereas posi-
tive cues, as in our study, can elicit appetitive responses (Verastegui- 
Tena et al., 2017). This suggests that electrodermal activity may give 
more insight in certain contexts such as situations with contrasting ex-
posures, compared to situations with similarly positive exposures. 
Furthermore, there was a relatively high percentage of participants 
having no skin conductance responses or very few skin conductance 
responses during exposure to a food category. This could indicate that 
images of liked foods are not arousing enough to elicit an actual skin 
conductance response. It has been argued that participants must find the 
sensory experience relevant to elicit strong responses of electrodermal 
activity (Verastegui-Tena et al., 2017). It is possible that actual intake of 
a food including the sensory attributes from odours, taste and texture 
would elicit a stronger physiological response compared to visual 
exposure to food cues. This view is supported by existing literature 
showing that autonomic nervous system responses, including electro-
dermal responses, differ depending on whether foods were viewed, 
smelled or tasted (de Wijk et al., 2012), the type of food presented 
during cooking and tasting (Brouwer et al., 2017), and the primary taste 
of drink solutions (Rousmans et al., 2000). After correcting for multiple 
comparisons, no associations between electrodermal activity and food 
reward and intake were observed. Comparable studies are limited, but 
one study observed that electrodermal activity did not contribute to the 
prediction of overall liking in different intensities of basic taste solutions 
(Samant & Seo, 2019), whereas another study observed that electro-
dermal activity increased with disliking (Danner et al., 2014) supporting 
the notion above on higher responses to aversive stimuli. This indicates 
that electrodermal activity may be an indicator of disliking but not 
liking. It is possible, though, that results would differ in other pop-
ulations such as among people with overweight and obesity. 

Some evidence suggests that facial expressions are sensitive enough 
to demonstrate differences in response to viewing low- and high-fat food 
images (Lee et al., 2018), taste of different juices (Danner et al., 2014), 
and smelling odours (He et al., 2014). One study has also found sad and 
angry facial expressions to be reflecting sensory specific satiety, i.e. 
facial expressions changed as to whether the same (increase in angry and 
decrease in sad expressions) or a different (decrease in angry and in-
crease in sad expressions) food was served to a participant (He et al., 
2017). However, the lack of differences in facial expressions between 
food categories in our study was also supported by a study examining 
chocolate samples with different tastes (Gunaratne et al., 2019). As this 
implies, results are inconsistent and differ with regards to the type of 
food exposure. More facial actions relate to negative compared to pos-
itive valence (see description in Section 2.4.2.3), which could explain why 
our results indicate higher frequency and intensity of negative facial 
expressions compared to positive expressions (Danner et al., 2014). This 
suggests that it is more difficult to measure positive expressions, which 
were expected to be the most prevailing expression in response to liked 
foods in this study. In support of this, a study reported that almost 15% 
of respondents had almost no facial expressions after tasting juices 
(Danner et al., 2014). Minimum valence was positively associated with 
explicit liking ratings, meaning that less liked foods also elicited stronger 
negative facial expressions. No other facial expressions were associated 
with food reward or intake. 

There are different arguments as to why we propose a relationship 
between facial expressions and hedonic evaluation of food: First, from 
studies in infants and animals we know that different hedonic taste 
stimuli elicit different facial expressions (Morales & Berridge, 2020). 
Moreover, there is evidence for specific brain regions involved in pro-
ducing facial expressions in response to stimuli, suggesting that facial 

expressions can be an objective measure of liking (Morales & Berridge, 
2020). Lastly and despite small and heterogenous effects, facial ex-
pressions are found to elicit corresponding emotional experiences (Coles 
et al., 2019). Other studies within consumer science have found facial 
expression intensities to be inversely associated with liking (Danner 
et al., 2014; De Wijk et al., 2014) as also observed in our study. Alto-
gether, facial expressions to a larger extent reflects disliking and not 
liking of foods. Facial expression responses can be detected using 
different algorithms and are numerous if all emotional expressions are 
included. In this study, we chose to summarize findings into two positive 
and negative valence variables. The intensity variable was developed as 
a running mean to capture the maximum expression of negative and 
positive valence. This variable was based on an assumption that the 
expression would not last throughout the whole exposure time (7000 
ms) and that facial expressions occur with different latencies (Kessler 
et al., 2020). The low threshold for the frequency variable (10%) was 
chosen with the purpose of detecting very early signs of emerging facial 
actions (Brand & Ulrich, 2019). 

Food reward and food intake show the same pattern as for atten-
tional responses and facial expressions: higher preferences for and 
intake of low-fat compared to high-fat foods and lowest preferences and 
food intake of high-fat sweet food items, which may indicate that this is 
a health-conscious population with strategies to maintain their normal 
body weight. This could be supported by the sex distribution with pre-
dominantly female participants in the study, who has been found to 
place more importance on healthy eating and body weight regulation 
(Wardle et al., 2004). Potentially, results on food reward and food intake 
also reflect the laboratory environment in which we assessed these re-
sponses. Social desirability and knowledge of participating in a health 
research study at a diabetes centre may affect participants’ explicit re-
sponses and intake towards foods that are considered most healthy. 

This study has certain limitations such as a technically challenging 
setup which make it useful primarily in a laboratory setting. Moreover, 
the length of the task (25 min) may have caused some degree of test 
fatigue among some participants. However, as all food images were 
randomised this was not expected to affect the overall results. Further-
more, we measured biometric and food reward responses to 16 visual 
food items in the SBFPT but for practical reasons we measured ad libi-
tum intake of only 8 of these 16 food items. The two foods from each 
food category were selected to represent the food category, and criteria 
for this selection were that they should be available throughout the year 
so that an unvarying ad libitum meal could be served to all participants. 
An assumption for analyses was that the two foods represented the four 
foods in the food category, but we might have seen different strengths of 
associations had we measured intake of all 16 foods. Moreover, it is 
unknown whether the difference in participants’ starting time for the ad 
libitum buffet and thereby duration of fasting could have affected par-
ticipants’ food selection and intake and thereby potentially increased 
the variability in this. However, the time span between the SBFPT and 
the ad libitum buffet did not differ between participants and starting 
time for the ad libitum buffet was therefore not expected to affect as-
sociations between biometric responses and subsequent food intake. 
Furthermore, we would probably have collected stronger electrodermal 
activity and facial expression responses in relation to eating compared to 
exposure to food cues. Eating would introduce sensory stimulation from 
odour, taste, and texture. However, in daily life we rely on anticipation 
and expectations about various sensory attributes of foods, which 
highlights the importance of also increasing our knowledge about re-
sponses to food cues specifically. Lastly, there are limitations to the 
generalizability of our findings to both sexes, as results were based on a 
predominantly female sample. The study and novel methodological 
approach also come with several strengths such as concurrent collection 
of data on biometric responses and food reward to the same images. 
Additionally, we were able to examine eye tracking in two different 
contexts (during passive viewing and forced choice) allowing for insight 
into different processes of attention. The results bring new insight into 
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the combined usage of biometrics in the study of eating behaviours, and 
the implicit nature of these sensors help us understand the underlying 
psychophysiological processes in relation to food preferences and food 
intake. Implicit aspects of behaviour are difficult to capture and not 
possible with questionnaires that require higher cognitive functions. The 
SBPTF aids deeper assessment of behaviour with presentation of re-
sponses from both the early and subconscious phase and during the 
subsequent cognitive processing. Basing the SBFPT on an existing vali-
dated behavioural methodology adds further strength to this study. 

This study shows the potential of combining different explicit and 
implicit behavioural and biometric measures in the study of food cue 
responsiveness. It provides deeper insight into several aspects of the 
psychophysiological responses to food cues and their relation to actual 
food intake. Methodological advances in this field can guide future 
health interventions as to which behavioural or physiological responses 
are modulated by the nutritional composition and taste of foods, and 
how interventions for the treatment of obesity and metabolic disorders 
affect food cue responsiveness. 

In conclusion, this study provides a deeper insight into our responses 
to the food cues that we are continuously exposed to in the abundant 
food environment. We provide evidence for differences in how long 
participants maintain their attention (measured using eye tracking) to 
foods varying in fat content and taste prior to making rapid food choice 
decisions. Moreover, we report differences in food reward and food 
intake for these same foods. Lastly, we provide evidence that maintained 
attentional responses and negative facial expressions are related to 
measures of food reward and food intake in a sample of normal weight 
individuals. 
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SUPPLEMENTARY MATERIAL 

Supplementary methods 

Validating a Danish food image database 

As part of designing the SBFPT, we first developed a Danish Food Image Database. Twenty-six ready-to-eat 

food items that were considered well-recognized, appropriate for breakfast/brunch, palatable, frequently 

consumed, and culturally appropriate among a Danish population were selected and photographed (SM Table 

1). We developed an online questionnaire using surveyXact and collected information from 42 adults (age 

(mean (SD)): 38 (15) years; women: n=30 (71%); BMI (mean (SD)): 24.2 (4.1) kg/m2) on recognition, 

frequency of consumption, palatability, perceived fat content, and perceived taste (sweet/savory) of each of 

the food items. The online questionnaire was distributed via e-mails and social media. Based on ranking of 

answers from this questionnaire, 16 food items were chosen for the SBFPT (see below). The selected food 

items varied along two dimensions: fat content (low or high) and taste (sweet or savory), creating a total of 

four food categories: high-fat sweet (HFSW), high-fat savory (HFSA), low-fat sweet (LFSW), and low-fat 

savory (LFSA) (Figure 1 and SM Table 2) 

Supplementary results 

Validation of food images 

Online questionnaire ratings of food images and the analyses of energy percentage from fat are summarized 

in SM Table 3. Ratings show that food images across all food categories were well-recognized and overall 

liked with a slightly lower perceived palatability of low-fat savory foods compared to other food categories. 

The ratings of perceived taste matched the beforehand grouping of food items into either sweet or savory; 

however, low-fat foods were rated less savory or sweet compared to high-fat foods. The perceived fatness of 

foods was rated in accordance with the analyzed energy content from fat (E%) for both low- and high-fat 

foods in all categories. 
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SM Table 1. Twenty-six ready-to-eat food items examined for the Steno Biometric Food Preference Task 

High-fat Low-fat 

Sweet Muffin 

Brownie 

Milk chocolate 

Cookies 

Cinnamon Roll 

Waffle with cream and sirup 

Danish “tebirkes” 

Dried fruits 

Berries 

Apple and pear 

Jam on bread 

Melon 

Fruit yogurt with honey muesli 

Savory Avocado 

Salmon 

Mixed Nuts 

Egg and bacon 

Salami on ryebread 

Cheese on cracker 

Tomato 

Turkey on bread 

Cottage cheese and peppers on cracker 

Oats with milk 

Carrot 

Yogurt naturel with muesli 

Cucumber 

SM Table 2. Macronutrient content of the food items selected for the Steno Biometric Food Preference Task. 

E% E%

CHO Pro Fat CHO Pro Fat

HFSW LFSW

Chocolate 43 5 52 Jam on bread 74 11 15

Brownie 49 6 44 Berries 73 9 18

Cinnamon roll 35 5 60 Apple and pear 89 2 9

Muffin 59 8 33 Melon 84 9 7

HFSA LFSA

Salmon 0 47 53 Cucumber 65 27 8

Cheese on cracker 34 22 44 Oats with milk 63 22 15

Salami on ryebread 34 12 53 Turkey on crispbread 63 31 6

Mixed nuts 14 16 70 Salad 65 16 19

E%, energy percentage; CHO, carbohydrates; Pro, protein; HFSW, high-fat sweet; LFSW, low-fat sweet; HFSA, high-

fat savory; LFSA, low-fat savory. 
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SM Figure 1. Study procedure. SBFPT, Steno Biometric Food Preference Task; DXA, dual-energy X-ray 

absorptiometry; VAS, visual analogue scale. 

 

 

 

SM Table 3: Characteristics of the 16 selected food images for the Steno Biometric Food Preference Task 

grouped into four food categories based on ratings (n = 42) and analyses. 
 

HFSA HFSW LFSA LFSW 

Ratings     

Recognition 4.0 [4.0, 4.0] 4.0 [4.0, 4.0] 4.0 [4.0, 4.0] 4.0 [4.0, 4.0] 

Perceived palatability 16.0 [14.2, 18.0] 16.0 [15.0, 17.8] 14.0 [12.0, 15.0] 17.0 [16.0, 18.0] 

Perceived taste 16.0 [15.0, 17.0] 4.0 [4.0, 6.0] 12.0 [10.2, 13.8] 6.0 [5.0, 7.0] 

Perceived fat content 18.0 [16.0, 19.0] 18.0 [16.0, 19.0] 6.0 [6.0, 7.0] 6.0 [5.0, 7.0] 

     

Analyses     

Fat content (E% (range)) 53.3 [51.0, 57.6] 47.9 [41.5, 53.6] 11.8 [7.8, 16.2] 11.7 [8.1, 15.7] 

Ratings in each category are expressed as a summed median [Q1, Q3] of four foods. Recognition scores are between 0 

and 4 from recognition of zero to all four foods. Perceived palatability, taste scores and fat content are between 4 and 20 

based on explicit ratings from 1-5. Scores go from ‘not at all pleasant’ to ‘pleasant’, from savory to sweet and from low- 

to high-fat. Analyses of fat content are expressed as average percentage (range) of energy from fat (E%) of all four foods 

within a category. HFSW, high-fat sweet; LFSW, low-fat sweet; HFSA, high-fat savory; LFSA, low-fat savory; E%, energy 

percentage.  
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SM Figure 2. Flow diagram displaying invited, screened, included, and analyzed participants in the cross-

sectional study.  
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SM Figure 3. Associations between biometric responses and food reward (n = 96). Biometric responses 

were measured during passive viewing (plot d) or forced choice paradigm (plots a, b, c, e and f). Lines are 

constructed using linear smoothing and with 95% confidence intervals (shaded area). HFSW, high-fat sweet; 

LFSW, low-fat sweet; HFSA, high-fat savory; LFSA, low-fat savory. 
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SM Figure 4. Associations between biometric responses during the forced choice paradigm and food intake 

(n = 96). Lines are constructed using linear smoothing and with 95% confidence intervals (shaded area). 

HFSW, high-fat sweet; LFSW, low-fat sweet; HFSA, high-fat savory; LFSA, low-fat savory. 
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ABSTRACT 1 

Background: Eating behaviours are determined by a complex interplay between behavioural and 2 

physiological signalling occurring prior to, during and after eating.  3 

Objective: The aim was to explore how selected behavioural and physiological variables separately 4 

and grouped together predicted intake of eight different foods. 5 

Methods: One hundred adults with normal weight performed a food preference task combined with 6 

biometric measurements (the Steno Biometric Food Preference Task) in the fasting state. The task 7 

measured food reward as well as biometric (eye tracking, electrodermal activity, and facial 8 

expressions) response to images of foods varying in fat content and taste. Energy intake of the same 9 

eight foods as assessed in the preference task was subsequently assessed from an ad libitum buffet. A 10 

mixed effects random forest approach was applied to explore how individual and combined measures 11 

of food reward and biometric responses predicted energy intake of the eight single foods. The 12 

performance of the different prediction models was compared to the predictions from a linear model 13 

including only an intercept (naïve model) using bootstrap cross-validation.  14 

Results: Participants had a median [IQR] intake of 369 [126; 472] kJ per food. Combined or separate 15 

measures of food reward or biometric responses did not predict energy intake better than the naïve 16 

model. 17 

Conclusion: We did not find that the reward or biometric responses to food cues assessed in a 18 

clinical setting were useful in predicting energy intake of single foods. However, this study provides 19 

a framework in the field of behavioural nutrition for applying machine learning with focus on 20 

individual predictions. This is necessary on the road towards personalized nutrition and provides 21 

great potential for handling complex data with multiple variables. 22 

Keywords: food reward, biometrics, intake, machine learning, mixed effects random forest. 23 

 24 

The study is registered at ClinicalTrials.gov (Identifier: NCT03986619). 25 
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INTRODUCTION 26 

Modifying a person’s habitual diet is a cornerstone in obesity and type 2 diabetes prevention and 27 

treatment. However, food intake affects and is affected by a complex interplay between 28 

physiological, sensory, psychological, and behavioural factors (1) that must be understood to provide 29 

an optimal dietary guidance. This complex interplay includes the hedonic and motivational responses 30 

to food and food cues (2,3). We can study these responses both in relation to food cues before eating, 31 

during food intake, and postprandially. Moreover, some responses are under conscious control of the 32 

individual whereas others are not, and a variety of methods have been developed to measure these 33 

different aspects in humans. Explicit aspects have primarily been studied using self-reports and 34 

implicit aspects have been measured by assessing an individual’s effort to obtain a food (e.g. 35 

willingness to work) or reaction time in relation to food stimuli (e.g. food choice) (4). However, 36 

these methods are to some extent dependent on cognitive decision-making processes. On the other 37 

hand, automated biometric measures (e.g. attention) are not dependent on cognitive processing of the 38 

individual but can measure the mere exposure response to food stimuli. These additions to studying 39 

implicit processes that operate outside awareness may improve our understanding of food related 40 

behaviour. 41 

The use of biometric sensors in combination with measures of food reward was explored in the Steno 42 

Biometric Food Preference Task (SBFPT) in response to food cues (5). In this methodology, 43 

biometric data were obtained from three sensors (eye tracking, electrodermal activity, and facial 44 

expression) providing extensive information summarised into multiple variables describing different 45 

psychobiological modalities. Overall, these modalities cover various attentional, arousing, and 46 

emotional behaviours. Using machine learning it is possible to get the full potential of these data 47 

from biometric sensors. In contrast to conventional statistical models, machine learning can handle 48 

high-dimensional data including many covariates and high-level interactions and is a flexible 49 

approach to build prediction models. To date, however, no studies have applied machine learning 50 
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algorithms to predict food intake from behavioural responses to food (6). Prior studies within this 51 

area have applied more conventional statistical methods to link hedonic and motivational food-52 

related responses to both obesity, food intake and disordered eating (3,7–10) and a meta-analysis 53 

found medium-sized effects of the associations between food cue reactivity and subsequent food 54 

intake (11).  55 

The psychophysiological responses from biometric measurements are difficult to map directly to 56 

emotional and affective experiences (12). However, linking the variables to subsequent behaviour 57 

may be of great potential and relevance. Being able to predict individual behaviours such as food 58 

choice or food intake from psychophysiological responses could introduce new focus points in the 59 

treatment of overeating and obesity. On this basis, the overall aim of this study was to explore 60 

whether food reward and biometric responses for an individual participant can predict intake of eight 61 

different food items. 62 

 63 

METHODS 64 

Participants and study design 65 

One hundred males and females with normal weight (BMI 18.5-24.9 kg/m2) and aged 30-70 years 66 

were recruited from the Greater Copenhagen area in Denmark. The study took place from October 67 

2018 to August 2019 at Steno Diabetes Center Copenhagen, Gentofte, Denmark. Exclusion criteria 68 

were self-reported recent weight change (>5 kg in past three months), history of eating disorders in 69 

past 5 years and allergies to food items in the ad libitum buffet. All visits started between 7:30 and 70 

9:00 am in the morning after an ≥8-hour overnight fast allowing only water. Briefly, the visit 71 

consisted of baseline measures of anthropometry, blood pressure, heart rate and haemoglobin A1c 72 

followed by the SBFPT to measure food reward and biometric responses, measures of body 73 

composition using dual-energy x-ray absorptiometry, questionnaires and lastly an ad libitum buffet 74 
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meal to measure energy intake. Details of the study and design is described elsewhere (5). The 75 

observational study was conducted in accordance with the Declaration of Helsinki and was approved 76 

by the Ethics Committee of the Capital Region, Denmark (H-18026293). The study is registered at 77 

ClinicalTrials.gov (Identifier: NCT03986619). 78 

 79 

Measurements 80 

Food reward and biometric responses were assessed using the SBFPT and food intake was assessed 81 

during an ad libitum meal (for details see (5)). In this study, food reward, biometric responses and 82 

energy intake were assessed for eight food items: brownie, muffin, cheese on cracker, mixed nuts, 83 

jam on bread, pears and apples, cucumber, and turkey on crispbread.  84 

 85 

Food reward 86 

The SBFPT implemented a validated behavioural methodology to measure food reward from explicit 87 

ratings of liking and wanting as well as a forced choice task (the Leeds Food Preference 88 

Questionnaire) (13). The task consists of three parts: 1) Seven seconds passive viewing of each 89 

single food image; 2) Ratings of food images where participants were asked to rate their expected 90 

pleasantness of the taste of the food (“How pleasant would it be to taste some of this food now?”) to 91 

measure explicit liking and to rate how much they wanted each food (“How much do you want some 92 

of this food now?”) to measure explicit wanting on a 100-point visual analogue scale (VAS); and 3) 93 

A forced choice task that measured participant’s food choices from different food categories (high-94 

fat versus low-fat and sweet versus savoury foods) as well as the reaction time of these choices. This 95 

was the first study using the SBFPT, however in a subgroup of participants (n=15) that attended two 96 

more test days, we assessed the day-to-day variability in implicit wanting and explicit liking for 97 

high-fat sweet foods and found a high correlation with a correlation coefficient of 0.93-0.95 and 98 
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0.80-0.87. Moreover, in another paper from the same study, we demonstrated differences between 99 

food categories for eye tracking variables (5). The Leeds Food Preference Questionnaire, which was 100 

integrated into the SBPFT has been widely used and was found sensitive to detect individual 101 

difference between eating behaviour traits as well as predictive of food choice and food intake (14–102 

17).  103 

 104 

Biometric measurements 105 

During the SBFPT, eye tracking, electrodermal activity, and facial expressions were recorded 106 

continuously to measure attentional, arousal and emotional responses towards the eight foods 107 

assessed in this study. For this study, eye tracking (Tobii Pro X2-60, Tobii, Stockholm, Sweden) was 108 

assessed during both a passive viewing (seven seconds) of each food image as well as during the 109 

forced choice task to assess initial and maintained attention to the foods. Initial attention was 110 

measured as the variables: ‘Time to first fixation’ (ms), ‘Duration of first visit’ (ms), and ‘Fixation 111 

counts during first visit’ (n). Maintained attention was measured and expressed as the variables: 112 

‘Fixation duration bias’, ‘Total fixation duration’ (% and ms), and ‘Fixation counts’ (n). 113 

Electrodermal activity (BIOPAC MP160 system, BioPac Systems, CA, USA) was measured during 114 

passive viewing of each food image to assess arousal using the following variables: ‘Skin 115 

conductance response (SCR)’, ‘Sum of SCR amplitudes’ (µs), ‘Average phasic response’ (µs) and 116 

‘Maximum phasic response’ (µs). Each variable derived from eye tracking and electrodermal activity 117 

measurements is described in details elsewhere (5). Facial expressions were analysed with an 118 

automated facial action coding system (AFFDEX SDK 4.0, Affectiva Inc., Waltham, USA) during 119 

passive viewing of each image with regards to both frequency and intensity of the following 120 

emotional expressions: anger, sadness, disgust, joy, surprise, fear and contempt. Moreover, the two 121 

dimensions ‘engagement’ (emotional expressiveness) and ‘valence’ (positive and negative attributes) 122 

were included as variables. Frequency was measured as the proportion of time above (or below for 123 
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negative valence) a threshold value of 10% likelihood of a given expression (out of the total passive 124 

viewing time of each food image (seven seconds)). Intensity was calculated as a running mean by 125 

detecting the one second during the seven seconds passive viewing with the highest mean value (or 126 

lowest value for negative valence) described as percentage likelihood of a given expression. A 127 

frequency value of 30% would indicate that a participant had a likelihood above the 10% threshold 128 

for a given expression during 30% of the passive viewing time. An intensity value of 30% would 129 

indicate that the participant’s maximum likelihood for a given expression during passive viewing (as 130 

a mean over one second) was 30%. Details on pre-processing of biometric responses are described 131 

elsewhere (5).  132 

133 

Energy intake 134 

Food intake was measured using an ad libitum buffet meal consisting exclusively of the same eight 135 

foods as analysed in the SBFPT described above as well as access to drinking water. Participants had 136 

25 minutes to consume as much or as little as they wanted from the buffet. Foods were served on 137 

eight plates and weighed before and after the meal to measure food intake (g) and calculate energy 138 

intake (kJ) of each food. All foods were served as ready-to-eat to increase the convenience for 139 

participants. Moreover, participants rated food items during the ad libitum buffet according to the 140 

pleasantness of the taste of the food (“How pleasant does the food taste right now?”) and how much 141 

more of the food they wanted to eat (“How much more of the food do you want to eat right now?”) 142 

during the meal on a 100-point VAS.  143 

144 

Statistical methods 145 

A random forest is a type of machine learning algorithm that can be used both for classification and 146 

regression purposes (18). The building blocks of random forest algorithms are decision trees, which 147 
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split up observations (in this study: food reward and biometric measurements) into subgroups to 148 

predict an outcome (in this study: energy intake). In the random forest approach, an ensemble of 149 

decision/regression trees is developed each producing a prediction of the outcome for the individual. 150 

The random forest then averages over the predictions from the decision/regression trees, thereby 151 

creating a more accurate class prediction than that of an individual tree (18). In this study, we applied 152 

a mixed effects random forest analysis with a participant-specific random intercept (MERF) (19)) to 153 

examine how food reward and biometric responses each predicted mean energy intake of eight foods. 154 

The need to include a random effect was due to the clustered structure of data with multiple food 155 

response measurements per participant. As such, a single regression model type was used including 156 

food type as an independent variable.  157 

Two overall groups of covariates were assessed: group 1 included measures of food reward (explicit 158 

liking and wanting, food choice, and choice reaction time assessed during the SBFPT as well as taste 159 

and wanting during the ad libitum meal), and group 2 included biometric measures (variables 160 

retrieved from eye tracking, electrodermal activity and facial expressions) (Figure 1). Both groups of 161 

variables were examined both separately and combined in different models. All models included sex, 162 

age, and BMI as predictors. We used the statistical software R 4.0.2 (packages: caret, reticulate, 163 

tidyverse) and Python 3.6.6 (packages: pyreadr, pandas, numpy, sklearn, merf, os, sys). 164 

To assess the performance of each prediction model, we applied a 4-fold cross-validation, splitting 165 

the data in a training set and a test set on the participant-level, to 10 bootstrap samples of the data 166 

(Figure 2) (20). Analyses were also conducted using the full set of samples without replacement and 167 

are presented in Supplementary Figure 1.  168 

For each split, the model was fit on the training set, and the mean squared error (MSE) of the fitted 169 

predictions was calculated on the test set as well as its 95% bootstrapped CI. The MSE reflected the 170 

squared difference between observed and predicted values of energy intake. The application of the 171 
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bootstrap was made in order to estimate the variability of the MSE. For more details see 172 

Supplementary Methods. We compared the MSEs of the individual predictions with each other as 173 

well as with the predictions from the naïve model. The naïve model was defined by using the mean 174 

of the outcome (mean intake of the eight individual foods). This is equivalent to using a linear model 175 

including only an intercept. This means that when performing cross-validation we used the mean of 176 

the outcome in the training set as a constant prediction of the outcome in the test set. Summing up, 177 

we examined whether individual food reward and biometric measures were better at predicting a 178 

person’s intake of specific food items than information of the population’s mean food intake (the 179 

naïve model).  180 

 181 

RESULTS 182 

Clinical characteristics of participants are displayed in Table 1. Three participants were excluded 183 

from the analyses due to extreme nausea or fainting on the test day or drinking coffee in the morning 184 

of the test day. Thereby, all available data from 97 participants were used in descriptive analyses. 185 

Moreover, only complete cases with regards to each food item were included in the prediction 186 

analyses. The missing observations in the dataset were ascribed to technical issues in the SBFPT (i.e. 187 

one person did not complete the task), low quality eye tracking and facial expression data, missing 188 

ratings in the SBFPT as well as errors in weighing food items. Accordingly, we found no indication 189 

that the missingness mechanism induced selection bias. 190 

During the ad libitum buffet meal, participants’ median [IQR] intake of each food item was 369 191 

[126; 472] kJ. Participants had a mean (SD) total energy intake of 2922 (1072) kJ and 370 (136) 192 

grams. Figure 3 displays intake of the eight food items assessed in the study. The average explicit 193 

liking score when looking at the eight images of the foods during the SBFPT was 63 (15) and the 194 

average explicit wanting score was 55 (16). Participants’ pleasantness of the taste of the food during 195 
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the ad libitum buffet meal was 69 (12), and their wanting for the food during the meal was 49 (15). 196 

The distribution between the eight food items is visualised in Supplementary Figure 2. The average 197 

biometric responses to food items during the SBFPT are described in Supplementary Table 1. 198 

199 

Predicting intake of single food items 200 

The performance of the different prediction models was compared to a naïve model as described in 201 

“Statistical Methods” (Figure 4). Sex, age and BMI did not separately or combined predict intake of 202 

each of the foods better than the naïve model. In the MERF analyses, the naïve model was a stronger 203 

predictor of energy intake compared to all food reward measures assessed individually or combined 204 

(Figure 4). The prediction model that combined all biometric measures performed similar to the naïve 205 

model in predicting energy intake of the eight food items (Figure 4). Assessing biometric measures 206 

individually did, however, result in a weaker predictive performance compared to the naïve model.  207 

208 

DISCUSSION 209 

In this study, we examined various aspects of behavioural food related responses from subtle, 210 

implicit biometric responses to explicit ratings of food items before and during eating. We aimed to 211 

examine if these responses could predict subsequent energy intake. We found that measures of food 212 

reward as well as biometric measures were not strong predictors of an individual’s intake of single 213 

food items.  214 

In this study, we measured self-reported ratings, food choices and food cue reactivity (attention, 215 

arousal, facial expressions and choice response time) in response to eight individual visual food 216 

stimuli. Reasons for why self-reported ratings of food reward and food choice did not predict food 217 

intake may be found in the subjective nature of these measures as well as the context in which they 218 
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were assessed in this study, i.e. the characteristics of the laboratory environment (21). These data as 219 

well as data on energy intake could be affected by participants’ beliefs and knowledge about study 220 

aims (21,22). To mimic a natural food environment, food items selected for the study were validated 221 

as overall liked foods (5). We would therefore not expect a high variability in explicit liking ratings, 222 

and this could also have limited the ability to predict energy intake. This observation was also 223 

pointed out in previous research, showing that diets generally consist of highly liked foods and when 224 

food is easily accessible and affordable, people rarely choose to eat foods that are not liked (23,24). 225 

This does not rule out the role of liking as a driver of energy intake, but could contribute to the 226 

explanation of why evidence does not find hedonic ratings of liking to determine energy intake or 227 

obesity (24–26).  228 

Previous research suggests that energy intake and overeating are more driven by motivational 229 

mechanisms (wanting and desire to eat) than by food liking (24). In this context, food cue exposures 230 

are expected to induce both conscious (e.g. desire to eat) as well as non-conscious physiological 231 

responses, e.g. increased salivation and arousal (11). In combination with explicit ratings, the 232 

methodology in this study was set out to examine physiological responses to food cue exposure, 233 

which could potentially elucidate motivational “pathways” of the relationship between food cue 234 

exposure and energy intake (11). However, despite that the combination of all biometric measures 235 

predicted food intake similar to the naïve model, this model was not considered a strong predictor of 236 

food intake. Reasons for why we did not find biometric measures to predict energy intake could be 237 

that visual food cues presented in this study induced quite subtle responses for electrodermal activity 238 

and facial expressions. Prior studies have found differences in electrodermal activity between 239 

cooking with mealworms and chicken (27). However, exploring these subtle food stimuli provides 240 

knowledge about responses to foods that are familiar in a traditional diet and provide a potential of 241 

e.g. developing foods that can elicit physiological arousing and emotional responses (rewarding242 

response) but at the same time be “healthy”. 243 
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With the SBFPT, we have developed a methodology with inbuilt biometric sensors for objectively 244 

measuring responses to food cues in combination with self-reported measures (5). These behavioural 245 

and physiological responses are summarized into multiple variables that can reflect different mental 246 

states depending on the setting. This makes it difficult to select single variables to examine (27). 247 

Generally, with increasing digitalization and technological developments, these objective 248 

measurements provide us with extensive amounts of data for which common statistical tools can fall 249 

short in handling complex models and interactions between many variables (28). It is therefore 250 

important to understand the potentials and drawbacks using different statistical methods. Overall, 251 

when investigating the dependence of an outcome variable on one or more input variables, one can 252 

distinguish between two goals: association and prediction. Associations assess how the outcome 253 

variable is associated with the input variables on a population level. This common statistical 254 

approach assumes linear relationships and examines associations between variables and outcomes 255 

based on means and variations of these. These models are evaluated based on estimates and p-values. 256 

For predictions, on the other hand, based on the patterns in the original data, we can project the 257 

value(s) of the outcome variable given a new set of input variables. Random forest algorithms 258 

perform individual predictions and allow us to include multiple input variables for these predictions. 259 

Moreover, they are not dependent on an assumption of linear relationships between the outcome and 260 

the covariates and can include higher-order interactions between input variables. These models are 261 

evaluated by their prediction performance on an individual level, using mean squared errors (and 262 

their variation) as explained above. The two goals, association or prediction, require different 263 

modelling strategies and ways of evaluating models (29), and it may very well be that a model is 264 

well-suited for association but ill-suited for prediction (28). In the setting of individualised nutrition, 265 

it is often the predictive accuracy of a model which is of importance. To assess the importance of a 266 

group of predictor variables on the prediction accuracy of a specific model, one can fit the model 267 

with and without those predictors and see if the MSE is different in the two cases.  268 
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Behavioural measurements and thereby the resulting analyses will to some (unknown) extent be 269 

affected by the environmental setting and participants’ cognitive processing. As mentioned above, 270 

the controlled laboratory setting enables standardized measurements but could also affect 271 

participants’ behaviour during the SBFPT and during eating, i.e. participants could have expressed 272 

inhibitory control to reduce food intake, as they were not blinded to food intake which was an 273 

outcome measured in the study. This could to some extent question the reliability of data. However, 274 

to minimize participant-investigator interactions, participants performed the SBFPT and had the ad 275 

libitum buffet in a room alone (30). Participants were overnight fasted when they showed up in the 276 

laboratory and thereby in a metabolic hungry state. As foods are more useful and thereby more 277 

pleasurable in a hungry state, we would expect higher physiologic responses, greater reward and 278 

higher food intake with this study design (31). However, it is possible that we would find different 279 

relationships between variables if participants had been in a fed state during the SBFPT. Moreover, 280 

we did not examine whether participants found the eight food items appropriate to eat together. 281 

However, all food items were validated as liked foods in an online questionnaire (5). Another 282 

limitation to exploring the study outcome was the target group, which consisted of adults with 283 

normal body weight. The variation in behavioural and physiological measures would probably have 284 

been larger with a broader target group, resulting in stronger predictions of energy intake. Moreover, 285 

the study sample mainly included females (82.5%) which may have introduced selection bias as we 286 

know there are differences between sexes with relation to eating behaviours, i.e. approach to location 287 

where meals are consumed and focus on healthy nutrition (32). This distribution did not occur 288 

intentionally, but more females may have been interested in the study in line with their greater focus 289 

on healthy nutrition and body weight regulation (33). 290 

As argued above, strengths in this study include the statistical approach that made it possible to 291 

combine large amounts of data and to predict outcomes on a participant level – despite this study not 292 

finding variables to be strong predictors of the outcome. Moreover, we examined explicit liking and 293 



14 

wanting in response to both food cues and during actual eating. Overall, assessing contributors to 294 

food intake is important, and in an environment filled with omnipresent food cues we must increase 295 

our knowledge of how these cues affect food intake and behaviour. This knowledge can guide us to 296 

how food cues should be targeted in future clinical and public health interventions (11). Future 297 

studies should combine clinical measures with measurements in natural settings as well as include 298 

participants with different BMI levels.  299 

This study provided a statistical framework for how we can increase our understanding of eating 300 

behaviours and introduce new focus points in the treatment of overeating and obesity. The 301 

behavioural and physiological parameters assessed in this study among adults with normal weight 302 

were not found to be strong predictors of individual energy intake which could be explained by the 303 

methodological approach to measure food cue reactivity or the overall clinical setting in which we 304 

measured the parameters.  305 
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TABLES 

Table 1. Clinical characteristics of 

participants included in analyses.  
n 97 

Females, n (%) 80 (82.5) 

Age, years 63.3 [50.9, 66.0] 

Weight, kg 63.3 (7.9) 

Height, cm 168.1 (8.4) 

BMI, kg/m2 22.5 [21.2, 23.7] 

Body fat, % 30.7 [26.4, 36.2] 

Data are presented as mean (SD) or median  

[IQR] unless otherwise stated. BMI, body mass index. 
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FIGURES

 

Figure 1. Illustration of the models used in mixed effects random forest analyses to predict food 

intake including an example of a dataset. Measures of food reward (group 1) as well as measures 

retrieved from biometric measurements (group 2) were used separately and combined as input 

variables to predict energy intake of eight individual foods. All models included age, sex and BMI as 

predictors. An example of a dataset illustrates how multiple food response measurements per 

participant are included in the models (as a random participant-effect). BMI, Body mass index. 

Created with Biorender.com. 
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 Figure 2. Random forest approach. The full dataset for each model was divided into 10 randomly 

sampled subsets (bootstrap replication). Each of these subsets were divided into quarters. Three 

quarters were used to train the dataset, after which the last quarter was used to test the trained 

dataset. This was repeated four times (= 4-fold cross-validation). During training of the dataset, the 

variables in the model where shuffled such that not all variables were available for splitting in each 

tree (= feature randomness). The regressions from the trees were used to find the average 

predictions (= voting) in each training set. These were tested to find the mean squared error (MSE) 

and variation (95% CI) for each cross-validation. The MSE is a measure of the squared difference 

between individual predictions of energy intake and the observed energy intake. The approach was 

repeated for each of the ten subsets in order to find the average MSE and variability in MSE. CI, 

confidence interval; MSE, mean squared error. BMI, Body mass index. Created with Biorender.com 
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Figure 3: Energy intake in kJ of the eight foods served in the ad libitum buffet meal (n=97). The 

curvy violin plot shows the kernel probability density; the box indicates median, interquartile range 

and Q1+1.5*IQR or Q3+1.5*IQR (vertical lines); and circles represent outliers.  
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Figure 4. Predictive performance of food reward (n=96) and biometric measures (n=89) compared to 

the naïve model (n=96). The figure display results (average MSE with 95% bootstrapped CI) from 

mixed effects random forest analyses with separate or combined measures. A lower MSE value 

indicates a stronger prediction whereas a higher value indicates a weaker prediction of energy intake. 

Results were compared to the naïve model, which is indicated by the vertical dotted line. BMI, body 

mass index; ET, eye tracking; FE, facial expressions; MSE, mean squared error 
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Supplementary Figure 1. Predictive performance of food reward (n=96) and biometric measures 

(n=89) compared to the naïve model (n=96) with the full dataset. The figure display MSE results 

using the full set of samples without replacements from mixed effects random forest analyses with 

separate or combined measures. A lower MSE value indicates a stronger prediction whereas a higher 

value indicates a weaker prediction of energy intake. Results were compared to the naïve model, 

which is indicated by the vertical dotted line. BMI, body mass index; ET, eye tracking; FE, facial 

expressions; MSE, mean squared error. 
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Supplementary Figure 2. Food choices (n), reaction times (ms) and ratings (explicit liking and 22 

explicit wanting measured on a 0-100 VAS) during the Steno Biometric Food Preference Task as 23 

well as ratings (taste and wanting measured on 0-100 visual analogue scale) during the ad libitum 24 

buffet (n=96). The figure shows that patterns of choices (a) and ratings during the Steno Biometric 25 

Food Preference task (c-d) and ad libitum meal (e-f) are alike for all foods. Moreover, the liking 26 

ratings (c, e) are high across all foods (median above 50 for all foods). Wanting ratings (d, f) show 27 

the same pattern as for liking but is wider distributed across the VAS scale. The curvy violin plot 28 

shows the kernel probability density; the box indicates median, interquartile range and Q1+1.5*IQR 29 

or Q3+1.5*IQR (vertical lines); and circles represent outliers. VAS, visual analogue scale.  30 



4 

Supplementary Table 1. Biometric responses to visual food cues across all eight food items 31 

included in analyses (n=96) 32 

Forced choice 

task 

Passive viewing prior 

to wanting ratings 

Passive viewing prior 

to liking ratings 

Eye tracking 

Fixation duration bias 0.50 [0.43, 0.58] 

Time to first fixation (ms) 497 [427, 601] 

Gaze duration (ms) 637 [507, 798] 6069 [5109, 6614] 6086 [5100, 6618] 

Gaze duration (%) 35.9 [30.7, 41.2] 

Fixation duration (ms) 433 [290, 596] 4601 [3043, 5702] 4543 [3104, 5766] 

Total fixation duration (%) 24.0 (10.6) 

Fixation counts 2.0 [1.5, 2.6] 15.0 [11.0, 19.0] 15.0 [11.0, 18.0] 

Duration of first visit (ms) 4132 [1734, 5612] 4166 [2084, 5732] 

Fixation counts of first visit 14.0 [8.0, 18.0] 14.0 [8.0, 18.0] 

Electrodermal activity 

SCR, n 

     0 547 (71.2) 559 (72.8) 

1-2 174 (22.6) 168 (21.9) 

3-4 39 (5.1) 38 (5.0) 

5-6 8 (1.0) 3 (0.4) 

Average phasic response (muS) 0.009 [0.006, 0.026] 0.009 [0.006, 0.022] 

Area of phasic driver (muS*s) 0.034 [0.024, 0.103] 0.036 [0.025, 0.089] 

Max phasic activity (muS) 0.060 [0.034, 0.143] 0.060 [0.035, 0.132] 

Facial expressions 

Maximum valence 0.00 [0.00, 0.00] 0.00 [0.00, 0.00] 

Minimum valence -0.58 [-20.22, 0.00] -0.07 [-19.56, 0.00]

Maximum engagement 4.11 [0.15, 49.63] 4.00 [0.15, 50.56]

Maximum surprise 0.20 [0.17, 0.29] 0.20 [0.19, 0.32]

Maximum joy 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

Maximum disgust 0.44 [0.43, 0.68] 0.44 [0.43, 0.61]

Maximum contempt 0.25 [0.19, 1.07] 0.25 [0.19, 0.93]

Maximum fear 0.01 [0.00, 0.10] 0.01 [0.00, 0.08]

Maximum anger 0.03 [0.00, 4.72] 0.03 [0.00, 3.43]

Maximum sadness 0.06 [0.02, 10.26] 0.07 [0.02, 4.24]

Positive valence (prob > 10%) 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

Negative valence (prob < -10%) 0.00 [0.00, 35.63] 0.00 [0.00, 29.61]

Engagement (prob > 10%) 0.00 [0.00, 43.33] 0.00 [0.00, 40.07]

Surprise (prob > 10%) 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

Joy (prob > 10%) 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

Disgust (prob > 10%) 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

Contempt (prob > 10%) 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

Fear (prob > 10%) 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

Anger (prob > 10%) 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

Sadness (prob > 10%) 0.00 [0.00, 2.62] 0.00 [0.00, 0.00]

Data are presented as median [IQR] for all data except SCR, which is presented as n (%). SCR, skin 33 
conductance response; prop, probability 34 
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Abstract: The food availability and dietary behaviours in Greenland have changed with increasing 

Westernisation. Food reward is an important driver of food choice and intake, which has not previ-

ously been explored in the Arctic population. The aim of this study was to explore differences in 

food reward after a four-week intervention period with a traditional Inuit diet (TID) or Westernised 

diet (WD) in Inuit populations in Northern and Western Greenland. This cross-sectional analysis 

included 44 adults (n = 20 after TID and n = 24 after WD). We assessed the food reward components, 

explicit liking and implicit wanting, using the Leeds Food Preference Questionnaire under stand-

ardised conditions 60 min after drinking a glucose drink as part of an oral glucose tolerance test 

after four weeks following a TID or WD. The food intake was assessed using food frequency ques-

tionnaires. The intervention groups differed only in implicit wanting for high-fat sweet foods, with 

higher implicit wanting among the participants following TID compared to WD. Both groups had 

lower explicit liking and implicit wanting for sweet relative to savoury foods and for high-fat rela-

tive to low-fat foods. This exploratory study can guide future studies in Inuit populations to include 

measures of food reward to better understand food intake in the Arctic. 

Keywords: food reward; wanting; liking; Inuit; diet; food intake 

1. Introduction

The Arctic Inuit populations have survived in a food landscape characterised by lim-

ited arable land and a short summer growing season. These populations have primarily 

been dependent on fishing and hunting wild animals. However, with increased Western-

isation, the food environment and, thus, food choices have changed in conjunction with 

changes in health outcomes, such as increasing prevalence of obesity. Yet, the changes in 

food-related behaviour among the Arctic Inuit populations are not well established and 

need further investigation. 

The traditional foods of the Greenlandic diet include local fish and other sea food 

(e.g., salmon, halibut, and trout), marine mammals (e.g., seal, whale, and walrus), wild 

terrestrial animals (e.g., caribou and musk ox), and game birds (e.g., guillemot, and eider 
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ducks and their eggs) [1]. Historically, the availability of European foods has been limited 

due to both policy restrictions and practical challenges concerning shipping and distribu-

tion [2]. However, since the middle of the 20th century, progressive industrialisation has 

increased Western, and primarily Danish, food availability in Greenland and changed di-

etary behaviours, leading to a decreased consumption of traditional foods [3]. Data from 

a country-wide health survey from 2005 to 2007 report that this impact is more pro-

nounced in towns compared to villages and in younger generations compared to the el-

derly [4]. A large cross-sectional study with data collected between 2005 and 2010 from 

2752 Inuit adults assessed food intake using food frequency questionnaires (FFQ) and 

found that traditional foods contributed to 21% of the energy intake [1], in accordance 

with previous studies [5,6]. The study also found that people with a higher intake of tra-

ditional foods had a lower intake of sugar and fibre and a tendency towards a lower intake 

of saturated fat and an overall healthier dietary fat profile [1]. The authors, therefore, rec-

ommended increased consumption of traditional food alongside healthy fibre-dense and 

low-fat imported foods [1] in line with the Greenland Board of Nutrition [7]. Local foods 

have also been promoted as a strategy for sustainable community development, provid-

ing economic possibilities for local hunters and reducing imports [2]. Alongside the rec-

ommendations of a traditional Inuit diet (TID), traditional foods are viewed as healthy 

and highly appreciated among Greenlanders and further manifest a valuable connection 

to the Greenlandic culture [3]. A dietary questionnaire from 2018 showed that only 10% 

of the people in settlements and 18% in towns followed at least four of the five dietary 

recommendations, e.g., 39% consumed fruits and 24% consumed vegetables daily, 43% 

consumed fish at least once a week, and 44% had a daily intake of sugar-sweetened bev-

erages. Moreover, the data showed an overall increase in the consumption of vegetables 

but also of sugar-sweetened beverages as well as a decrease in the intake of fish [8]. 

The decreased intake of traditional foods in favour of imported foods may partly be 

explained by a wish to vary the diet as well as difficulties in obtaining the traditional foods 

and the associated costs [3]. However, the food choices and behaviours behind these die-

tary changes are driven by a complex interplay between a variety of external and internal 

factors [9]. An important driver of food choice and intake is food reward, which has been 

associated with both overeating and obesity [10,11]. Food reward is characterised by the 

components ‘liking’ and ‘wanting’ [10]. Liking is described as the pleasure derived from 

food, whereas wanting refers to the motivation for a rewarding food triggered by cues, 

such as the sight or smell of food [10]. These aspects of food reward can be measured 

explicitly and implicitly using the Leeds Food Preference Questionnaire (LFPQ) [12]. The 

components of food reward in Arctic Inuit populations have not previously been explored 

but may increase our understanding of why this population gradually consumes more 

imported foods. In particular, some studies in animals and a few human studies suggest 

that a Western diet with energy-dense foods can modulate the reward for these same 

foods [13,14]. Moreover, the rewarding aspects of highly palatable foods, including high-

fat sweet foods, have been associated with increased intake [9]. Compared to Western 

culture, the introduction of the ultra-processed high-fat and sweet foods has been fast and 

recent. Such a trend could potentially affect diet-related obesity, diabetes, and cardiovas-

cular disease in the Arctic Inuit populations. This is relevant with the high prevalence of 

obesity (28%), diabetes (9%), and cardiovascular diseases (10–13%) in Greenland [8,15,16]. 

As part of the largest interventional study on the effects of a TID on glucose homeostasis 

and metabolic health markers, it was made possible to study behavioural aspects of food 

reward in the current study. 

On this background, we aimed to explore differences in food reward after four weeks 

following either a TID or a Westernised diet (WD) in an Inuit population in Greenland 

and to explore the implementation of the method to assess food reward in this population. 

Food reward was assessed in response to food cues that are typical for a Western diet. 

More specifically, we examined preferences for foods with a sweet relative to savoury 

taste, and for foods with high relative to low fat content as well as preferences for 
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combined food categories differing in taste and fat content. Moreover, the food intake be-

fore and during the intervention was described to characterise the diet groups. 

2. Materials and Methods 

2.1. Study Population and Location 

This present exploratory study included a subgroup of 44 participants from a clinical 

randomised cross-over trial that examined whether a TID compared to a WD could im-

prove glycaemic control in Greenland Inuit adults. This analysis included only partici-

pants who performed the LFPQ after the first intervention period. The trial is registered 

at ClinicalTrials.gov (NCT04011904), approved by the Ethics Committee of Greenland 

(KVUG 2018-26), and described in detail elsewhere [17]. Out of three study locations 

(Nuuk, Qaanaaq, and Qasigiannguit) in Greenland, this subgroup included participants 

from Qaanaaq and Qasigiannguit in north-western and western Greenland, respectively. 

Participants were 18–80 years old and had a BMI ≥ 18.5 kg/m2. Participants were excluded 

if they were diagnosed with or pharmacologically treated for diabetes, had a history of 

severe hypertriglyceridemia, or used systemic peroral glucocorticoids or injected steroids. 

Data were collected from September 2019 to March 2020. 

2.2. Intervention for the Present Subgroup 

This sub-study comprised one four-week dietary intervention period in which the 44 

participants followed either the TID or WD (Figure 1). Food reward was assessed on a test 

day after the intervention period. No baseline measurements of food reward were con-

ducted as this outcome was added subsequently to the original study design and it was 

considered too burdensome for participants to add more measurements on their first test 

day. Moreover, it was not possible to measure food reward on the majority of participants 

after the second intervention period of the main cross-over trial due to the first lockdown 

period of COVID-19. During the intervention period, the participants were provided at 

least 20% of their total energy intake with foods from local supermarkets. The foods pro-

vided during the TID intervention consisted of fish, marine mammals, shellfish, and tra-

ditional meats, and participants were advised to reduce their intake of grains, fast food, 

and other imported foods. The diet was targeted to be high in fat (>40% of the total energy 

intake (E%)) and low in carbohydrates (<30 E%). The WD was targeted to have a high 

content of carbohydrates (55–65 E%) and low-fat content (30–35 E%), and the provided 

foods consisted of cereal products and imported meats and poultry. On test days, partic-

ipants were instructed how to incorporate the dietary changes into their daily life by 

trained staff and in a written manual. In both dietary interventions, the participants were 

recommended to limit their alcohol intake, and none of the interventions had specific rec-

ommendations regarding fruits and vegetables. 

 

Figure 1. Timeline displaying when and where data on food reward were collected during the orig-

inal study. Created with BioRender.com (last accessed 24 January 2022). 
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2.3. Study Procedure and Examinations 

2.3.1. Food Reward 

The food reward measures, liking and wanting, were assessed after the intervention 

using the LFPQ [12]. Food reward was measured approximately one hour into an oral 

glucose tolerance test (OGTT). Due to the sweet sensory properties of the OGTT, it was 

expected that reward responses for sweet foods would be suppressed. Nevertheless, this 

controlled context provided a standardised reference point from which differences be-

tween TID and WD could be compared. The computerised LFPQ assessed participants’ 

liking and wanting for 16 ready-to-eat foods (Figure 2). Before the study, the LFPQ was 

translated into Greenlandic by study staff with a social health background who had 

Greenlandic as first and Danish as second language. Food items included in the LFPQ 

differed in the content of fat (high or low) and taste (sweet or savoury), creating four com-

bined food categories: high-fat savoury foods, low-fat savoury foods, high-fat sweet 

foods, and low-fat sweet foods. The foods were displayed on a computer screen as images 

that were validated in a Danish context [18]. All foods were considered appropriate for 

breakfast/brunch and assumed to be well-recognised and overall liked in a Greenlandic 

setting where most of the imported foods are shipped from Denmark, although some of 

the items are rarely available in Greenland. 

 

Figure 2. Food images included in the Leeds Food Preference Questionnaire. Foods differed accord-

ing to sweet and savoury taste and fat content, resulting in four combined food categories. 

Before starting the task, participants were introduced to all food images and in-

structed in the task verbally and in writing in Greenlandic. The LFPQ consisted of two 

parts. In the first part, participants rated their explicit liking for each of the 16 foods on a 

100-point visual analogue scale. Foods were shown as images together with a question at 

the top of the screen: “How pleasant would it be to taste some of this food now?” The 

question was answered by clicking with a mouse on the place on the scale that matched 

the participant’s perception in that given moment. The second part was a forced choice 

paradigm where participants chose between two images of foods from different food cat-

egories, presented at the same time, by answering the question: “Which food do you most 

want to eat now?” This part consisted of a total of 96 choices that participants were asked 

to make as fast as possible by pressing one of two keys on a keyboard. 
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2.3.2. Anthropometry 

At baseline and after the intervention, body weight was assessed to the nearest 100 g 

using a scale from which body composition was also analysed using bioelectrical imped-

ance (Tanita TBF-300MA (Tanita Corporation, Tokyo, Japan)). Height was measured at 

baseline to the nearest centimetre. 

2.3.3. Interviews and Assessment of Food Intake 

Interviews were conducted after initiating the OGTT at baseline and at the end of the 

intervention period. During interviews, the trained study staff obtained information 

about socioeconomic status (at baseline) as well as alcohol and food intake. Food intake 

was assessed using a 44-item FFQ [19] and reflecting habitual diet and intervention diets 

(TID or WD) over the preceding 4 weeks, respectively. During the interview, participants 

were asked about the frequency (day/week/month/year) and estimated portion size 

(amounts/slices/glasses/bottles) of foods consumed within different food groups, includ-

ing both traditional and imported foods. 

2.4. Data Analyses & Calculations 

2.4.1. Food Reward 

Sweet Bias and Fat Bias Scores 

The scores that summarised results for the four combined LFPQ food categories (see 

below: Combined Food Categories) were used to calculate sweet bias and fat bias for both 

explicit liking and implicit wanting [12]. To calculate sweet bias, mean scores for savoury 

foods were subtracted from mean scores for sweet foods, e.g., explicit liking scores from 

ratings of savoury foods were subtracted from explicit liking scores from ratings of sweet 

foods (and similar for implicit wanting scores). Similarly, to calculate fat bias, mean scores 

for low-fat foods were subtracted from mean scores for high-fat foods. This provided bias 

scores such that positive scores for sweet bias indicated higher preference for sweet rela-

tive to savoury foods, and positive scores for fat bias indicated higher preference for high-

fat relative to low-fat foods. In contrast, negative scores for sweet bias and fat bias reflected 

higher preference for the other taste (savoury foods) or fat content (low-fat foods), respec-

tively. 

Combined Food Categories 

To assess explicit liking for the four combined food categories, the average rating 

from 0–100 on the visual analogue scale was calculated for all four foods within a food 

category. Implicit wanting for each of the four combined food categories was calculated 

based on a combination of reaction time and choice or non-choice of foods in the forced 

choice paradigm [12]. An ‘implicit wanting’ score for a specific food category that was 

above zero indicated a higher preference for this food category compared to other food 

categories, and a score below zero indicated a lower preference for that particular food 

category compared to the other food categories. 

2.4.2. Food Intake 

Frequency and portion size of foods consumed within each food category of the FFQ 

were converted to grams per day [19]. Moreover, intake of specific foods were grouped 

into 14 categories: marine mammals (seal, whale, and mattak); fish (cod, halibut, ammas-

sat, trout/salmon, fish cold cut, and other fish); traditional meat (reindeer/musk, game 

bird, and dried fish or meat); berries; imported meat (beef, pork, lamb, poultry, and cold 

cut); fruit/fruit juice (apple/pear/bananas, orange/grapefruit, other fruit, and fruit juice); 

vegetables (mixed vegetables, carrot, cruciferous vegetables, potatoes, and tomato); dairy 

products (milk and cheese); cereal products (rye bread, French bread, oats, breakfast ce-

real, pasta, and rice); cake; candy (sweets/chocolate); sugar-sweetened beverages (soda 
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and squash drink); sugar in coffee/tea; and ultra-processed high-fat foods (pizza/burger, 

fries, and crisps). 

2.5. Statistical Methods 

Data were checked for normality, and descriptive data are presented as mean (SD) 

for normally distributed data and as median (IQR (interquartile range)) for non-normally 

distributed data. As food reward and food intake variables were non-normally distrib-

uted, they were described using median (IQR) scores. To examine differences in food re-

ward scores between participants who received the TID or WD intervention, a general 

linear model adjusted for sex and age was used. Due to restrictions mentioned above, food 

reward was only measured after the intervention period. However, as participants were 

randomly allocated to diet groups, we do not assume any baseline imbalances. Food in-

take at baseline and during the intervention was stratified by diet (TID or WD). This study 

was exploratory, and it is uncertain whether the sample size was sufficient to detect dif-

ferences between diet groups. However, according to studies with a similar sample size 

(n = 44), it is possible to detect differences between groups in both explicit liking and, to 

some extent, implicit wanting in both cross-sectional [20,21] and interventional studies 

[22–25]. 

3. Results 

3.1. Participant Characteristics 

In total, 44 participants were studied, of whom 20 followed a TID and 24 followed a 

WD for four weeks prior to examining food reward and intake. The participant character-

istics are described in Table 1. Out of the 47 participants completing the first two visits at 

the two study sites, three participants from the TID group did not complete the LFPQ and 

were excluded from the study. Moreover, one WD participant was excluded from the 

analyses of implicit wanting because the reaction times for choosing an image were <100 

ms, which is implausible for visually processing and choosing (pressing the keyboard) an 

image. 

Table 1. Participants’ characteristics at baseline (visit 1) and after the intervention (visit 2) (n = 44). 

 Traditional Diet Westernised Diet 
 Visit 1 Visit 2 Visit 1 Visit 2 

n 20 20 24 24 

Genotype = Homozygous carriers 3 (15.0)  1 (4.5)  

Place of residence  

(Qaanaaq/Qasigiannguit) 
10 / 10  7/17  

Sex = Male 10 (50.0)  11 (45.8)  

Age, years 60.5 (11.7)  55.4 (9.5)  

Weight, kg 67.7 (17.3) 66.6 (16.8) 76.1 (15.6) 76.1 (15.5) 

BMI, kg/m2 26.0 (5.9) 25.6 (5.7) 27.9 (5.0) 27.9 (4.7) 

Fat, % 28.3 (10.1) 27.8 (9.8) 32.1 (10.4) 31.9 (10.0) 

Fat-free mass, kg 47.7 (11.1) 47.3 (10.8) 51.2 (11.0) 51.4 (10.9) 

Alcohol frequency     

More than 2 times per week 3 (15.0) 1 (10.0) 1 (4.2) 1 (5.3) 

2 times per month or less 17 (85.0) 9 (90.0) 23 (95.8) 18 (94.7) 

Weekly alcohol intake     

0 units 5 (25.0) 6 (30.0) 8 (33.3) 10 (41.7) 

1–7 units 3 (15.0) 2 (10.0) 5 (20.8) 0 (0.0) 

8–14 units 3 (15.0) 2 (10.0) 3 (12.5) 4 (16.7) 

15 or more units 2 (10.0) 1 (5.0) 0 (0.0) 0 (0.0) 

Missing 7 (35.0) 9 (45.0) 8 (33.3) 10 (41.7) 
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Smoking status     

Current smoker 12 (60.0)  14 (58.3)  

Previous smoker 8 (40.0)  6 (25.0)  

Never smoked 0 (0.0)  4 (16.7)  

Educational level     

8th grade or less 8 (40.0)  8 (33.3)  

9th to 12th grade 12 (60.0)  16 (66.7)  

Employment     

Full-time paid 10 (50.0)  16 (66.7)  

Part-time paid 1 (5.0)  2 (8.3)  

Self-employed (fishing/fisheries) 0 (0.0)  1 (4.2)  

Pensioner 7 (35.0)  3 (12.5)  

Other 2 (10.0)  2 (8.3)  

Values are presented as mean (SD) for continuous variables and number (%) for categorical varia-

bles. Anthropometric characteristics and alcohol consumption were assessed during both visit 1 

and visit 2. 

3.2. Food Reward 

3.2.1. Sweet Bias and Fat Bias Scores 

Both food reward components, explicit liking and implicit wanting, were assessed in 

relation to participants’ preferences for sweet over savoury (sweet bias) and for high-fat 

over low-fat (fat bias). No overall differences were found between the diet groups (TID 

and WD) for either sweet or fat bias after the intervention. Overall, the sweet bias results 

indicated that the participants had a lower explicit liking (TID: −10.6 (−15.8, −1.1); WD: 

−11.6 (−21.6, −4.8)) and implicit wanting TID: −18.4 (−45.2, 1.4); WD: −21.8 (−40.0, −10.6)) 

for sweet foods relative to savoury foods (Figure 3 (top) and supplementary Table S1). 

The fat bias results indicated that the participants had a lower explicit liking TID: −15.9 

(−21.9, −3.7); WD: −24.4 (−30.4, −2.2)) and implicit wanting (TID: −19.7 (−30.4, −6.6); WD: 

−31.3 (−50.0, −17.0)) for high-fat foods relative to low-fat foods (Figure 3 (bottom) and Ta-

ble S1). 
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Figure 3. Sweet and fat bias scores stratified by diet group (TID and WD). Upper panel (Sweet bias): 

explicit liking (left,  n= 44) and implicit wanting (right, n = 43) for sweet relative to savoury foods 

where scores below zero indicate preferences for savoury over sweet. Lower panel (fat bias): explicit 

liking (left, n = 44) and implicit wanting (right, n = 43) for high-fat relative to low-fat foods where 

scores below zero indicate preferences for low-fat over high-fat. Coloured boxes represent median 

and IQR, whiskers represent Q – 1.5*IQR and Q3 + 1.5*IQR, and dots represent outliers. WD, West-

ernised diet; TID, traditional Inuit diet; IQR, interquartile range. 

3.2.2. Combined Food Categories 

When dividing the results into the four combined food categories (high-fat sweet, 

low-fat sweet, high-fat savoury, and low-fat savoury foods), implicit wanting for high-fat 

sweet foods was higher after four weeks on the TID compared to WD (TID: −38.7 (−52.7, 

−32.6) vs. WD: −52.4 (−58.6, −43.1); p = 0.029) (Figure 4 and Table S1). No other differences 

in food reward were found between the diet groups. For both diet groups, the results 

indicate that the participants had lower explicit liking and implicit wanting for foods char-

acterised as high in fat with sweet taste compared to the other three food categories (Fig-

ure 4 and Table S1). 

 

Figure 4. Liking and wanting for different food categories stratified by diet. Explicit liking (A, n = 

44) and implicit wanting (B, n = 43) for the four combined food categories: high-fat savoury foods 

(HFSA), low-fat savoury foods (LFSA), high-fat sweet foods (HFSW), and low-fat sweet foods 

(LFSW). Coloured boxes represent median and IQR, whiskers represent Q1−1.5*IQR and Q3 + 

1.5*IQR, and dots represent outliers. WD, Westernised diet; TID, traditional Inuit diet; IQR, inter-

quartile range. 

3.3. Food Intake 

The intake (grams/day) of different types of foods was summarised for each dietary 

intervention group (TID and WD) as assessed by the FFQ on test days at the baseline and 

after the intervention (Table 2). At the baseline, both dietary intervention groups had a 

higher intake of imported compared to traditional Inuit foods but a relatively low intake 

of ultra-processed, imported foods except for sugar-sweetened beverages. As expected, 

the results indicate that the participants were compliant to the assigned diets, i.e., those 

who were in the TID group increased their intake of traditional Inuit foods, whereas the 

participants in WD decreased their intake of these foods. Moreover, the TID group nu-

merically decreased their intake of imported foods, particularly meat, fruit/fruit juice, veg-

etables, dairy products, cereal products, and sugar-sweetened beverages. The WD group 

increased numerically only with respect to their intake of meat and dairy products. 
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Table 2. Food intake (grams/day) at baseline and during the intervention (n = 44). 

 Traditional Inuit Diet Westernised Diet 

 Baseline 
During  

Intervention 
Baseline 

During  

Intervention 

n 20 20 24 24 

Traditional foods     

Berries 3.0 (0.2, 12.9) 0.0 (0.0, 9.9) 3.0 (0.7, 4.3) 0.7 (0.0, 3.0) 

Marine mammals 35 (9, 72) 102 (26, 257) 11 (8, 46) 4 (0, 10) 

Fish 61 (15, 86) 98 (67, 147) 49 (24, 63) 7 (4, 13) 

Meat (traditional) 15 (5, 29) 29 (15, 63) 14 (7, 23) 1 (0, 5) 

Imported foods     

Meat (imported) 194 (97, 253) 70 (31, 152) 143 (74, 193) 164 (110, 248) 

Fruit/Fruit juice 117 (35, 176) 40 (13, 200) 99 (37, 146) 80 (51, 153) 

Vegetables 202 (132, 277) 83 (37, 264) 192 (142, 257) 176 (135, 241) 

Dairy products 153 (40, 242) 83 (18, 171) 74 (35, 178) 140 (57, 181) 

Cereal products 236 (165, 330) 198 (53, 260) 236 (186, 315) 234 (193, 290) 

Ultra-processed, imported 

foods 
    

Cake 4 (2, 16) 4 (2, 7) 7 (2, 16) 8 (7, 19) 

Candy 7 (2, 22) 2 (1, 12) 6 (2, 9) 7 (3, 17) 

Sugar-sweetened  

beverages 
201 (44, 330) 45 (16, 302) 254 (151, 420) 232 (160, 421) 

Sugar in coffee/tea 2.0 (0.0, 10.0) 0.5 (0.0, 5.5) 3.5 (0.0, 10.5) 2.0 (0.0, 10.5) 

Ultra-processed  

high-fat foods 
20 (4, 31) 12 (1, 24) 17 (7, 23) 23 (9, 32) 

Food intake is presented at baseline and during the intervention as median (IQR) grams/day for 

intake stratified by diet group for different types of foods. 

4. Discussion 

This study presented a unique opportunity to collect exploratory data on food re-

ward in an Inuit population. Food reward did not differ between the groups following a 

TID or a WD for four weeks up to the assessment, except for the participants in the TID 

group having higher implicit wanting for high-fat sweet foods compared to the partici-

pants in the WD group. Using standardised measures following OGTT, we showed in this 

context that participants’ overall explicit liking and implicit wanting were lower for sweet 

relative to savoury foods and for high-fat relative to low-fat foods after following either a 

TID or a WD for four weeks. When food reward was summarised into the four food cate-

gories of the LFPQ, the preferences for high-fat sweet foods appeared to be lower relative 

to the three other food categories for both diet groups. Food intake at the baseline was 

characterised as primarily consisting of imported foods. During the four weeks of dietary 

intervention, the TID group increased their intake of traditional foods, while the WD 

group slightly increased their intake of imported foods in accordance with their dietary 

group assignment. 

Food reward, as measured in the LFPQ, is thought to be momentary [26] and can, 

therefore, be affected by several external and internal factors, such as the current status of 

hunger, prior food intake, time of day, social interactions, etc. [27]. Moreover, genetic, 

metabolic, and psychological factors are all expected to affect food reward [28,29]. Cul-

tural differences in hedonic responses to sweet and creamy solutions have been found in 

populations such as Pima Indians and Whites [30], which add to the interest in examining 

food reward in an Inuit population, who traditionally had a monotonous diet but now 

have an increasing availability of a variety of foods [31]. When comparing across food 

categories, our findings indicate that the Inuit population displays similar trends in food 
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reward to a Danish adult population with normal weight [18]. Within categories, how-

ever, this Inuit population had a numerically lower liking and wanting for high-fat sweet 

and low-fat sweet foods compared to the Danish population. This contradicts prior stud-

ies indicating a high intake of (and probably preference for) sugars in the Inuit population. 

A study among Inuit adults in Greenland found the intake of added sugar to be above the 

recommendations for 71% of the men and 67% of the women [1]. Moreover, sugar added 

to coffee/tea alone contributed to 6 E%, and carbonated soft drinks contributed to 5 E% in 

that population. In this sub-study, the participants had a low intake of sugar added to 

coffee/tea but a high intake of sugar-sweetened beverages at the baseline and after the WD 

intervention. However, in this study, it is highly likely that the sweet glucose solution in 

the OGTT, which participants consumed one hour before performing the LFPQ, explains 

their lower preference for sweet tasting foods. The low-fat sweet category (e.g., fruits) was 

probably lower in glucose compared to the high-fat sweet category (e.g., brownies, muf-

fins), which could partly explain the higher preference for low-fat compared to high-fat 

sweet foods. Indeed, sweet preloads have been found to modulate preferences away from 

sweet food to similar preferences for sweet and savoury foods [32]. 

The participants in the two groups differed only in their implicit wanting for high-

fat sweet foods. We must consider the risk of a false positive finding due to multiple test-

ing or the difference being driven by a few outliers in the TID group, but we also 

acknowledge the possibility that a transition from a mixed diet to TID, which was ob-

served in the changes in food intake during this study, could have increased the desire for 

high-fat sweet foods that are not part of the TID. Considering the literature suggesting 

that a WD including high-energy dense foods can increase reward for high-fat sweet foods 

[13,14], our finding is counterintuitive and should be further explored in future studies. 

Changes in weight would also be a possible explanation for the differences in food reward 

between groups but is not relevant in this study as none of the groups appeared to change 

their body weight or body composition significantly during the intervention period. 

During this study, the participants were exposed to images of Western foods that 

were assumed to be well-recognised and generally liked among the Greenlandic popula-

tion. However, some foods may not have been generally available at the study sites to the 

extent expected prior to initiating the measurements. This could have affected partici-

pants’ ratings and choices in the task. Qaanaaq is the northernmost city, receiving food 

shipments only two times per year and with limited possibilities of import by plane (one 

flight per week). Overall, the availability of fresh foods, such as melon, cucumber, berries, 

fruits, and salad, is limited in the Arctic due to high costs and short shelf life [33]. It is 

possible that some of the fresh food products could have been rated higher because of 

their exclusivity due to low availability. 

The transition towards Western food choices and intake can be caused by multiple 

factors [3], and the consequences of this transition are still to be established. However, the 

increasingly prevalent Western diet is characterised by abundance and high energy den-

sity with processed foods high in fat and sugar and is associated with increased levels of 

obesity and non-communicable diseases [34,35]. Moreover, a high prevalence of obesity, 

diabetes, and certain types of cardiovascular disease has been observed in the Inuit pop-

ulation during the last few decades [8,15,16,36]. However, the increased availability of 

Western foods also includes vegetables, dairy products, imported meats, and high-fibre 

bread that could potentially add to a more varied and healthy diet. A study in a Green-

landic population rated the following foods as most preferred: rye bread, potatoes, vege-

tables, apples, and lamb [3]. Food reward studies in this population would enable us to 

examine whether certain population groups are more susceptible to the palatable and 

abundant Western food environment, including high-fat sweet foods, which can result in 

consequent unhealthy weight gain. 

The strengths of this study include the novelty of examining food reward in a remote 

area of the world as part of the first and largest interventional study on the effects of a TID 

on glucose homeostasis and metabolic health markers [17]. Conducting health-related 
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studies in this population is challenging due to the infrastructure across the country, lim-

ited access to health care resources, technology, and devices, as well as language and cul-

tural barriers, which makes this a unique opportune dataset to study. However, this study 

also has limitations that must be highlighted to provide guidance for future studies on 

food reward in the Arctic Inuit population. First, the foods included in the LFPQ were 

primarily imported foods; hence, some of them may not have been frequently consumed, 

at least not throughout the year, as winter introduces many challenges of importing and 

distributing products throughout the country. Future studies should culturally adapt im-

ages in the LFPQ to the Greenlandic population, and the Greenlandic LFPQ should be 

back translated. Traditional food items should be included in the LFPQ to examine differ-

ences between responses to Western and traditional Inuit foods. Western foods should be 

selected according to the current availability and frequency of consumption in different 

areas of Greenland and could be selected by collaborating with local grocery store man-

agers around the country. This was the first time conducting the LFPQ in a Greenlandic 

setting and, because of language barriers, it was uncertain whether all the participants 

understood the task. Challenges with being able to read and understand instructions, and 

potentially poor eye sight [37], should also be assessed more systematically and consid-

ered in future studies. As we do not have baseline measurements of food reward, we could 

only assume an equal distribution of the food reward scores at the baseline. This was rea-

sonable as the participants were randomly allocated to a diet and we do not expect differ-

ences in the results to be due to other confounding factors. Therefore, we expect differ-

ences between the groups after the intervention period to be explained by the exposure to 

the two diets. Another concern is that the small sample size could increase the risk of a 

type 2 error. Therefore, future studies should ensure a sufficient sample size and, moreo-

ver, include repeated measures (at least baseline and post-intervention) for a stronger 

study design. Furthermore, the potential effects of the OGTT on food reward makes it 

impossible to generalise the findings to other settings in the Arctic Inuit population but 

could be avoided in future studies by ensuring a standardized mixed meal or overnight 

fast prior to testing as well as controlling for hunger status. Food intake was assessed by 

an FFQ, which aims to assess intake over a longer period, but the intake estimates were 

reported in food categories and based on recalls during interviews, limiting the certainty 

of the data [38]. Lastly, this study measured food reward only in two smaller towns in 

north-western and western Greenland, Qaanaaq and Qasigiannguit, which limits the gen-

eralisability to larger towns and smaller settlements with a different food availability and 

socio-economic status [33,39]. Future studies of food reward should be conducted in dif-

ferent areas of Greenland that take into account the differences in food availability and 

variety as well as different age groups. The relative high age of the population in this sub-

study compared to the inclusion criteria could be due to the participants being partly re-

cruited based on prior participation in population studies conducted several years back. 

Younger generations are raised in a fast-moving, globalised world, which may affect their 

relation to food differently than older generations. Understanding the effects of changes 

in the food environment on food choices, intake, and behaviour in early life can inform 

future strategies and recommendations to promote healthy lifestyles in Greenland for the 

generations to come. 

5. Conclusions 

In conclusion, these first results on food reward studied in an Arctic Inuit population 

show no differences between the groups after following either a four-week TID or WD, 

except for higher implicit wanting for high-fat sweet foods among those following a TID. 

Despite the circumstances and limitations for measuring food reward in this sample, this 

study hopefully sets the scene for measuring food choices and eating behaviour change, 

including food reward, in future studies in the Inuit population to better establish the 

impact of the traditional Inuit diet versus the rapidly changing food environment towards 

a more Westernised diet. 
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Table S1. Food reward after four weeks on a traditional or western diet as well as overall results 

for food reward among all participants. 

  Traditional Westernized Difference (95% CI) P-value Overall 

n  20 24   44 

Explicit liking (n=44)    

Sweet bias  -10.6 (-15.8, -1.1) -11.6 (-21.6, -4.8) -4.0 (-13.0; 5.0) 0.39 -11.5 (-19.4, -3.4) 

Fat bias  -15.9 (-21.9, -3.7) -24.4 (-30.4, -2.2) -4.8 (-15.2; 5.7] 0.37 -17.4 (-29.3, -2.5) 

HFSA  57.8 (44.4, 68.2) 50.2 (42.2, 75.8) 3.8 (-8.8; 16.5) 0.56 54.2 (42.6, 71.1) 

HFSW  19.5 (12.8, 28.2) 26.2 (9.7, 35.8) -3.4 (-15.3; 8.4) 0.57 22.1 (11.4, 35.6) 

LFSA  53.5 (38.2, 63.0) 54.6 (34.4, 63.2) 5.3 (-7.9; 18.4) 0.43 53.5 (34.4, 63.2) 

LFSW  63.0 (39.8, 79.2) 61.4 (51.6, 75.8) 4.6 (-8.2; 17.4) 0.48 61.4 (45.8, 77.1) 

Implicit wanting (n=43)    

Sweet bias  -18.4 (-45.2, 1.4) -21.8 (-40.0, -10.6) -12.1 (-28.7; 4.5) 0.15 -21.5 (-44.2, -3.5) 

Fat bias  -19.7 (-30.4, -6.6) -31.3 (-50.0, -17.0) -8.7 (-25.5; 8.2) 0.31 -25.9 (-43.7, -14.0) 

HFSA  19.8 (7.4, 27.2) 21.6 (11.2, 32.7) 14.1 (-1.1; 29.2) 0.068 21.6 (9.4, 32.5) 

HFSW  -38.7 (-52.7, -32.6) -52.4 (-58.6, -43.1) -22.7 (-43.1; -2.4) 0.029 -48.1 (-56.9, -34.4) 

LFSA  8.0 (-12.3, 26.8) 3.0 (-5.2, 12.1) -2.0 (-15.1; 11.2) 0.77 3.8 (-11.2, 17.6) 

LFSW  21.1 (-10.7, 31.1) 23.6 (14.1, 37.6) 10.6 (-2.7; 24) 0.11 22.8 (9.0, 36.8) 

Food reward is presented as median [IQR]. The statistical differences between diet groups was 

examined using a multiple linear regression model. The models were adjusted for sex and age. 

Measures of food reward after four weeks following either a Traditional Inuit diet or a Westernized 

diet as well as the differences between these diets were first assessed. Explicit liking and implicit 

wanting for foods did not differ for participants following either of the two diets. However, 

participants’ implicit wanting for high-fat sweet foods was lower for the group following a 

Traditional Inuit diet compared to participants following a Westernized diet. HFSA, high-fat savory 

foods; LFSA, low-fat savory foods; HFSW, high-fat sweet foods; LFSW, low-fat sweet foods 
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ABSTRACT
Introduction The aim of this study is to investigate 
the effects of time- restricted eating (TRE) on change 
in body weight and describe changes in behaviour 
and metabolism in individuals at high risk of type 2 
diabetes.
Methods and analysis The REStricted Eating Time 
(RESET) study is a randomised controlled parallel- 
group open- label trial. 100 women and men with (1) 
overweight (body mass index (BMI)≥25 kg/m2) and 
prediabetes (glycated haemoglobin 39–47 mmol/mol); 
or (2) obesity (BMI≥30 kg/m2) will be randomised to 
a control group (habitual living) or TRE (self- selected 
10- hours eating window within the period from 
06:00 to 20:00 in a 1:1 ratio. Testing is scheduled 
at baseline and after 6 weeks (mid- intervention), 3 
months (post- intervention) and 6 months (follow- up). 
The primary outcome is change in body weight after 3 
months of intervention. Secondary outcomes include 
changes in body composition; measures of glucose 
metabolism including glycaemic variability, hormones 
and metabolites; subjective and metabolic markers of 
appetite, food preferences and reward; dietary intake; 
physical activity, sleep, chronotype; gastric emptying, 
gastrointestinal transit time and motility; respiratory 
and glycolytic capacities; the plasma proteome and 
metabolome; blood pressure, resting heart rate and 
heart rate variability; and resting energy expenditure 
and substrate oxidation. Motivation and feasibility 
will be examined based on interviews at baseline 
and after 3 months. After the 3- month intervention, a 
3- month follow- up period and subsequent testing are 
scheduled to assess maintenance and longer- term 
effects.

Ethics and dissemination The study has been approved 
by the Ethics Committee of the Capital Region of Denmark 
(H-18059188) and the Danish Data Protection Agency. 

Strengths and limitations of this study

 ► The study includes state- of- the- art and novel tech-
nologies to assess the effects of the intervention on 
food preferences and reward, the gastrointestinal 
tract, respiratory and glycolytic capacities, as well 
as proteomics and metabolomics.

 ► The interdisciplinary nature of the study and as-
sessment of feasibility and sustainability using 
qualitative methods allow an understanding of the 
participants’ experiences and potential barriers and 
strategies for integration and maintenance of time- 
restricted eating in everyday life.

 ► The duration of the trial does not allow for the inves-
tigation of long- term effects and hard endpoints, but 
the follow- up visit allows for the evaluation of main-
tenance 3 months after the end of the intervention.

 ► Except for reminders regarding reporting of daily 
eating windows, no support to comply with the pre-
scribed intervention is provided to the participants 
during the trial; adherence is therefore entirely de-
pendent on the motivation and self- determination of 
the participants.

 ► While the broadness of the inclusion criteria allows 
for the recruitment of a study population more alike 
to the general population at risk for type 2 diabetes 
and cardiovascular disease, it at the same time in-
creases the risk for heterogeneity in the effects of 
some of the secondary outcomes.
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The study will be conducted in accordance with the Declaration of 
Helsinki. Results from the study will address whether TRE is effective and 
feasible in improving health outcomes in individuals at risk of lifestyle- 
related diseases and can potentially inform the design of feasible health 
recommendations.
Trial registration number NCT03854656.

INTRODUCTION
Overweight and pre- diabetes increase the risk of devel-
oping type 2 diabetes and cardiovascular disease.1–3 
Weight loss is associated with improved glycaemic control 
and cardiometabolic health among individuals with pre- 
diabetes and type 2 diabetes4 5; therefore, the develop-
ment of effective, feasible and sustainable weight loss 
strategies is essential. Current prevention and treatment 
of obesity and type 2 diabetes include energy- restricted 
diets and increased levels of physical activity.6 However, 
adherence and maintenance to such strategies are diffi-
cult,7 8 underscoring an unmet need for more acceptable 
and feasible regimens.

Circadian rhythms are ~24- hour rhythms of behaviour 
and metabolism that are closely related to the daily light/
dark cycle and sleep–wake patterns.9 10 The timing of 
food intake may affect the circadian rhythms of meta-
bolic organs.9 Factors including the 24- hour availability of 
energy- dense foods and different eating and sleep patterns 
during weekdays and weekends (ie, ‘social jetlag’) may 
lead to an irregular feeding–fasting rhythm.11 12 Obser-
vational studies suggest that irregular eating patterns 
and late- night food consumption are associated with 
increased cardiometabolic risk.13 Experimental studies in 
rodents and humans have shown that circadian misalign-
ment of food intake and sleep may have adverse effects on 
energy balance, glucose metabolism and appetite regu-
lation,14–17 suggesting a great therapeutic potential of 
aligning food intake to circadian rhythms of metabolism. 
Studies in rodents and flies suggest that time- restricted 
feeding is associated with improvements in metabolic 
health including improved glucose and lipid metabo-
lism and reductions in adiposity and systemic inflamma-
tion.9 18 However, there is a lack of randomised controlled 
trials (RCTs) investigating the effects of timing of food 
intake on human behaviour and metabolism.

Recent cross- over intervention studies in humans have 
investigated the short- term (4 days–5 weeks) effects of 
time- restricted eating (TRE) under well- controlled condi-
tions. Among men at high risk of type 2 diabetes, ‘early 
TRE’ (eating window: 6–9 hours/day, between 08:00 and 
17:00) improved glucose metabolism19–21 and reduced 
appetite.19 22 A few small pilot intervention studies 
(n=8–23) have investigated the effects of 10–16 weeks 
of TRE (eating window: ~8–12 hours/day) in individuals 
with overweight and obesity and reported reductions in 
energy intake and body weight11 23 24 and adiposity.24 25 
Furthermore, in one of the studies, in which a clinically 
relevant weight loss (3.9%) was observed, the partici-
pants felt more energetic and reported less hunger and 
improved sleep quality; however, no control group was 

included.11 In the same study, maintenance was assessed 
at a 1- year follow- up. Importantly, on completion of the 
16- week intervention, all eight participants in the same 
study were interested in continuing the regimen, and they 
maintained weight loss at follow- up (3.4%),11 suggesting 
that TRE may be feasible, acceptable and sustainable. 
Additionally, the long fasting period during ‘early TRE’ 
seems to be well tolerated19; however, challenges asso-
ciated with social events including drinking and eating 
may exist.25 Nevertheless, an in- depth investigation of the 
feasibility and sustainability of TRE is needed to under-
stand motivation and potential barriers for integration 
and maintenance in everyday life. In this study, the effects 
and feasibility of TRE in individuals at high risk of type 
2 diabetes will be assessed using an interdisciplinary 
approach including state- of- the- art and novel quantitative 
and qualitative methods.

OBJECTIVES
The primary objective of the REStricted Eating Time 
(RESET) study is to investigate the effects of 3 months of 
TRE (10 hours/day) on change in body weight in individ-
uals at high risk of type 2 diabetes. Secondary objectives 
are to describe changes in body weight and composition, 
metabolism and behaviour and to assess aspects related to 
motivation, feasibility and maintenance during the 3- month 
intervention and after additional 3 months of follow- up.

HYPOTHESES
We hypothesise that 3 months of TRE will induce a clin-
ically relevant weight loss in individuals with overweight 
and obesity at high risk of type 2 diabetes (ie, TRE supe-
rior to control). Furthermore, we expect that weight loss 
is maintained in the TRE group at the 3- month follow- up 
visit (ie, TRE superior to control).

METHODS AND ANALYSIS
Study design
The study is a single- centre, parallel- group, randomised, 
controlled, superiority, open- label trial (figure 1). A total 
of 100 individuals will be randomised to 3 months of TRE 
or habitual living (control) in a 1:1 ratio. Habitual living 
was chosen as the comparator to evaluate the effects of 
TRE when included in everyday routines. Randomisation 
is performed after completion of screening and baseline 
testing (visit 1 (V1)). The primary outcome is assessed 
after 3 months of intervention (V3). At baseline, mid- 
intervention (after 6 weeks; V2) and after the intervention 
(3 months; V3), outcomes are assessed during test days 
and free- living measurements during the week following 
the test days. After the 3- month intervention, a 3- month 
follow- up period and subsequent testing (V4) are sched-
uled to assess maintenance and longer- term effects. The 
trial will be performed at Steno Diabetes Center Copen-
hagen and will be reported according to the Consolidated 
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Standards of Reporting Trials (CONSORT).26 The study 
protocol follows the Standard Protocol Items: Recom-
mendations for Interventional Trials statement.27 A copy 
of the WHO Trial Registration Data Set is supplied in the 
online supplementary table 1.

Participants
Women and men, 30–70 years of age, with (a) over-
weight (body mass index (BMI)≥25 kg/m2) with concom-
itant pre- diabetes as defined by glycated haemoglobin 
(HbA1c) 39–47 mmol/mol6 or (b) obesity (BMI≥30 kg/
m2), who are eligible according to the inclusion and 
exclusion criteria (box 1) will be included.

Eligibility criteria
Inclusion and exclusion criteria are listed in box 1. We 
include high- risk individuals aged 30–70 years because 
our focus is on preventing diabetes at an early stage. 
Individuals with overweight and pre- diabetes and obesity 
with/without pre- diabetes are included to target indi-
viduals at high risk of type 2 diabetes. The rationale of 
choosing 70 years as the upper limit is that the potential 
for prevention is limited in older individuals. To prevent 
sources of circadian irregularity during the intervention, 
shift workers and individuals with a partner engaged in 
shift work affecting the circadian rhythm of the partici-
pant are not eligible for participation.

Recruitment and screening
Participants are recruited through advertisements on 
different publicly available platforms (newspapers, 
webpages, pharmacies and so on). A pre- screening is 
performed as a telephone interview focusing on the 
participant’s age, BMI and habitual eating window to 
reduce the number of screen failures. Participants who 
are eligible based on the pre- screening receive written 
information about the study and are scheduled for a 
screening visit (V0). At the screening visit, participants 
provide oral and written informed consent to medical 
staff, and a health examination including medical history 
and assessment of inclusion and exclusion criteria is 
performed (box 1). After the screening, eligible partic-
ipants will be scheduled for four visits (V1–V4, figure 1). 
Baseline testing (V1) takes place as soon as possible and 

within 6 weeks from the screening visit (V0). The first 
participant signed consent on 25 February 2019, and 
participants are recruited continuously.

Outcomes
Primary outcome
The primary outcome is mean change in body weight 
(kg) from baseline (V1) to the end of intervention (after 
3 months, V3). Change in body weight was chosen as the 
primary outcome for several reasons. First, weight loss is 
associated with a reduction in all- cause mortality in indi-
viduals with obesity28 and with improvement in glycaemic 
control in individuals with overweight and obesity.4 
Second, according to the American Diabetes Associa-
tion, weight loss is recommended for all individuals with 
pre- diabetes.6 Third, body weight is easy to measure with 
high precision and available in most clinical studies that 
enable determination of sample size and comparison 
across studies.

Secondary exploratory outcomes
The secondary exploratory outcomes include a variety 
of metabolic and behavioural outcomes potentially asso-
ciated with the intervention. These include changes 
in body composition, hormones involved in glucose 
metabolism and appetite regulation (eg, pancreatic and 
gastrointestinal hormones), metabolites and glycaemic 
variability; subjective appetite, food preferences and 
reward, and eating behaviour; gastric emptying, gastro-
intestinal motility and transit time; gut microbiome; 
physical activity, dietary intake and sleep; inflammatory 
markers; respiratory and glycolytic capacities; the plasma 
proteome and metabolome; blood pressure, resting heart 
rate and heart rate variability; and resting energy expen-
diture and substrate oxidation (table 1). We describe 
changes from baseline to mid- intervention (after 6 weeks; 
V2), post- intervention (after 3 months; V3) and follow- up 
testing (after 6 months; V4).

Study visits and free-living assessment periods
The study includes identical test days and free- living assess-
ment periods at baseline (before randomisation, V1) and 
postintervention (V3). The test day at V3 is scheduled after 
12 weeks intervention; however, participants are instructed 

Figure 1 Study design.
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to follow their group allocation during the subsequent 
1- week free- living assessment period (ie, 13th week of 
the intervention). Mid- intervention testing after 6 weeks 
(V2) includes a short test day and a subsequent free- living 
assessment period during which participants follow their 
group allocation. After the 13- week follow- up period (26 
weeks from baseline), a short test day (V4) is scheduled to 

Box 1 Inclusion and exclusion criteria

Inclusion criteria
 ► Age: ≥30 to ≤70 years.
 ► Body mass index ≥30 kg/m2 or body mass index ≥25 kg/m2 in com-
bination with pre- diabetes (HbA1c ≥39 to <48 mmol/mol).

 ► Habitual eating/drinking window ≥12 hours (including foods/snacks 
and energy- containing beverages, eg, soft drinks (except water)) 
and an eating/drinking window of ≥14 hours minimum 1 day/week.

Exclusion criteria
 ► Daily smoking.
 ► For women: pregnancy, planned pregnancy (within the study period) 
or lactating.

 ► Frequent travels over time zones (more than one return trip/trav-
el over times zones (˃1 hour time difference) during the 13- week 
intervention).

 ► Shift work or partner engaged in shift work (if it affects the person’s 
sleep and eating pattern).

 ► Unable to understand the informed consent and the study 
procedures.

 ► Self- reported history of an eating disorder during the past 3 years.
 ► Self- reported weight change (>5 kg) within 3 months prior to 
inclusion.

 ► Known diabetes or diabetes detected at screening (HbA1c ≥48 
mmol/mol).

 ► Uncontrolled medical issues including but not limited to cardiovas-
cular, pulmonary, rheumatological, haematological, oncological, in-
fectious, gastrointestinal or psychiatric disease; endocrine disease; 
immunosuppression.

 ► Current treatment with medication or medical devices that signifi-
cantly affect glucose metabolism, appetite or energy balance.

 ► Current treatment with antidepressants.
 ► Bariatric surgery.
 ► Implanted or portable electromechanical medical device such as a 
cardiac pacemaker, defibrillator or infusion pump.

 ► Coeliac disease, Crohn’s disease, ulcerative colitis or proctitis.
 ► Alcohol/drug abuse or in treatment with disulfiram at time of 
inclusion.

 ► Concomitant participation in other intervention studies.
 ► Not able to eat ≥85% of the test meal because of, eg, allergy.

Specific exclusion criteria for participants receiving SmartPill
 ► Gastrointestinal symptoms or diseases such as regular (weekly) ab-
dominal pain, dysphagia, gastric bezoars, strictures, fistulas, bowel 
obstructions or diverticulitis.

 ► Current treatment with medication or medical devices that signifi-
cantly affect gastrointestinal motility or transit time (prokinetics, 
antidiarrhoeals, laxatives or opioids).

 ► Gastrointestinal surgery within 3 months before inclusion.
Other criteria for withdrawal and exclusion after inclusion

 ► Participant’s withdrawal of the informed consent.
 ► Pregnancy or other safety concerns—judged by the investigator.

HbA1c, glycated haemoglobin.

Table 1 Overview of study visits

Visit V0 V1 V2 V3 V4

Time, weeks from start of 
intervention

−7* −1 6 12 26

Participant information           

  Informed consent X         

  Medical history (individual 
and family)

X         

  Inclusion and exclusion 
criteria

X         

  Pregnancy test (fertile 
women only)

  X X X X

Efficacy outcomes           

  HbA1c X X X X X

  Body weight X X X X X

  Waist and hip circumference   X X X X

  Body composition (DXA 
scanning)

  X X X X

  Blood pressure and resting 
heart rate

X X X X X

  Stool sample   X   X   

  Fasting blood samples   X X X X

  Postprandial blood samples   X   X   

  Indirect calorimetry   X   X   

  Heart rate variability (Vagus)   X   X   

  Mixed meal test with 
SmartPill

  X   X   

  Event registration related to 
SmartPill

  X   X   

  Physical activity and sleep 
measurement

  X X X   

  Food records   X X X   

  Continuous glucose 
monitoring

  X X X   

  Fasting food reward and 
biometric measurements

  X X X X

  Postprandial food 
reward and biometric 
measurements

  X   X   

Questionnaires           

  Sociodemographic 
characteristics

  X       

  Health and well- being   X X X X

  Physical activity   X X X X

  Fasting appetite sensations   X X X X

  Postprandial appetite 
sensations

  X   X   

  Gastrointestinal symptoms   X X X X

  Autonomic symptoms   X       

  Pain   X       

  Sleep quality and sleepiness   X X X X

Continued
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assess the maintenance of potential intervention effects. If 
possible, all 4 test days are scheduled on similar weekdays 
and at the same time in the morning. An overview of the 
study visits is presented in table 1.

Test days
All clinical examinations are conducted at Steno Diabetes 
Center Copenhagen. Participants arrive in the morning at 
∼08:00 am after a ∼12 hours overnight fast. All participants 
are instructed to have a last meal between 19:00 and 20:00 
the day prior to the test days to minimise the potential 
acute effects of varying fasting duration on the outcomes 
of interest.29 Furthermore, no alcohol consumption or 
strenuous physical activity is allowed 48 hours prior to 
testing. The participants are instructed to avoid physically 
demanding transportation to the research facility.

Anthropometry
Height is measured using a stadiometer (SECA, 
Vogel&Halke, Hamburg, Germany) and body weight 
is measured using a digital scale (Tanita BWB- 620A, 
Amsterdam, The Netherlands) while participants are 
wearing only light clothes/underwear. Waist circumfer-
ence is measured at the midpoint between the lowest 
point of the lowest rib and the highest point of the iliac 
crest. Hip circumference is measured at the point of the 
greater femoral trochanter. An average of two repeated 
measurements of hip and waist circumference is used. In 
the case of ˃3 cm difference between the two measure-
ments, a third measurement is conducted, and the average 
of the two closest measurements is used. Body compo-
sition (fat mass and fat- free mass) is measured using 
whole- body dual- energy X- ray absorptiometry (Discovery, 
Hologic, Bedford, Massachusetts, USA). A urine sample is 
collected, and a pregnancy test is performed for all fertile 
women <60 years before the scan.

Blood pressure and resting heart rate
Blood pressure (mmHg) and resting heart rate (beats 
per minute) are measured three times with 2 min inter-
vals using a digital blood pressure monitor (UA-852, A&D 
Instruments, Abingdon, UK) after a minimum of 10 min 
rest, and the average of the two lowest values of three 
consecutive measurements are used to avoid falsely high 
blood pressure caused by an unfamiliar and potentially 
stressful environment.

Heart rate variability
Heart rate variability and cardiovascular reflex are 
measured by electrocardiography using a handheld 
device (Vagus, Medicus Engineering, Aarhus, Denmark) 
during four consecutive tests: (1) resting heart rate is 
measured while the participant is in the supine position 
holding the device; (2) heart rate response to standing 
up from the supine position; (3) heart rate response to 
inhalation and exhalation is measured in the seated posi-
tion; (4) heart rate response to increased intrathoracic 
pressure (Valsalva manoeuvre).

Resting energy expenditure and substrate oxidation
Resting energy expenditure and substrate oxidation are 
measured for 30 min using indirect calorimetry and a 
ventilated hood (Vyntus CPX, CareFusion, Hoechberg, 
Germany) with the participant resting in the supine posi-
tion in a quiet room. Energy expenditure30 and substrate 
oxidation31 are calculated based on respiratory gas 
exchange, that is, carbon dioxide production and oxygen 
consumption.

Blood samples
Venous blood samples are collected in the fasting state 
at all 4 test days (V1–V4) and postprandially during a 
mixed meal test at V1 and V3 at time points 15, 30, 45, 
60, 90, 120, 180 and 240 min via a catheter in an antecu-
bital vein. Analyses include assessment of HbA1c, circu-
lating levels of glucose and lipids, inflammatory markers 
and hormones involved in the regulation of appetite 
and metabolism (eg, insulin, glucagon, glucagon- like 
peptide-1, glucose- dependent insulinotropic polypeptide, 
peptide YY and acylated ghrelin). Furthermore, metabo-
lomics and proteomics will be applied, and assessment of 
circulating proteins and metabolites that correlate with 
low- grade inflammation and markers of lipid metabolism 
will be captured using mass- spectrometry- driven anal-
yses of the plasma proteome and metabolome.32 33 Gene 
expression of proinflammatory and anti- inflammatory 
proteins including cytokines and chemokines and genes 
involved in the energy metabolism of isolated peripheral 
blood mononuclear cells will be measured by real- time 
PCR. Cellular bioenergetic activity (mitochondrial respi-
ration and glycolysis) of isolated peripheral blood mono-
nuclear cells will be determined using a Seahorse XFe24 
Analyzer.34 The seahorse technology measures real- time 
oxygen consumption rate as an indicator of mitochon-
drial activity and extracellular acidification rate as an 

Visit V0 V1 V2 V3 V4

  Chronotype   X X X X

  Night eating   X X X X

  Eating behaviour and 
control over eating

  X X X X

Interviews           

  Interview†   X       

  Interview (participants in the 
TRE group)‡

      X X

*Max 6 weeks before baseline testing (V1).
†Interview regarding motivation for participation.
‡Interview regarding feasibility and maintenance.
DXA, dual- energy X- ray absorptiometry; HbA1c, glycated 
haemoglobin; TRE, time- restricted eating; V0, screening; 
V1, baseline testing; V2, mid- intervention testing (after 6 
weeks); V3, post- intervention testing (after 3 months); V4, 
follow- up testing (after 6 months).

Table 1 Continued
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indicator of glycolytic activity. Thus, these measurements 
will provide mechanistic knowledge of TRE- induced 
metabolic changes at the cellular level. Serum and plasma 
will be stored in a biobank for future analyses.

Meal test
At V1 and V3, after assessments in the fasting state, partic-
ipants are asked to consume a standard breakfast meal 
(300 g, 498 kcal, 49% of total energy (%E) carbohydrate, 
34 E% fat and 17 E% protein) consisting of bread roll, rye 
bread, cheese, yoghurt, muesli, butter, marmalade and 
150 mL water. For the following 4 hours after initiation of 
the meal, blood samples are collected and subjective appe-
tite is assessed using visual analogue scales35 at time points 
15, 30, 45, 60, 90, 120, 180 and 240 min.

Subjective appetite
Hunger, satiety, fullness, thirst, estimated prospective 
food consumption and desire for sweet, salt and fat, and 
potential nausea are rated by the participants using elec-
tronic visual analogue scales35 after the blood samples in 
the basal state at all 4 test days (V1–V4) and postprandi-
ally at V1 and V3.

Food preferences and food reward
At V1 and V3, components of food reward and biometric 
responses to standardised photographic images of foods 
will be assessed in the fasting state and 60 min after 
ingestion of the standardised breakfast meal to examine 
meal- induced changes in food reward and responses 
to food stimuli. At V2 and V4, only fasting measure-
ments of food reward and biometric responses will be 
performed. In a computerised questionnaire, different 
food reward outcomes (food choice, implicit wanting, 
explicit liking and explicit wanting) are measured using 
the Leeds Food Preference Questionnaire36–38 in combi-
nation with measures of autonomic nervous system 
activity including arousal estimated from galvanic skin 
response (Biopac MP160, Biopac Systems, Goleta, Cali-
fornia, USA), emotional response using facial expression 
analyses (AFFDEX algorithm, Affectiva, Massachusetts, 
USA), and motivated visual attention using eye tracking 
(Tobii X2-60, Tobiipro, Stockholm, Sweden). The Leeds 
Food Preference Questionnaire is integrated into a 
biometric software platform (iMotions A/S, Frederiks-
berg, Denmark) to enable the simultaneous collection 
of data on eye tracking, galvanic skin response and facial 
expressions.

Questionnaires
At V1–V4, participants fill in questionnaires regarding 
health and well- being, gastrointestinal and autonomic 
symptoms, eating behaviour, chronotype, sleep and 
physical activity (table 1). At V1, participants fill in a 
questionnaire regarding sociodemographic character-
istics including age, sex, ethnicity, education, occupa-
tion, civil status, children and personal and household 
income.

Interviews
Interviews will be conducted at V1, V3 and V4 to obtain 
insights into the participants’ experiences and perceptions 
of the intervention. This will provide an understanding of 
the feasibility and integration of the intervention into the 
everyday life of the participants as well as maintenance 
of the regimen. At V1, participants will be interviewed 
for ~25 min to examine their reasons and motivation for 
participation, their expectations towards the intervention 
and their everyday life activities and eating practices.

At V3 and V4, participants in the TRE group will be 
invited to individual semistructured interviews of ~45 min 
to explore the feasibility and maintenance of TRE in 
everyday life. If participants withdraw from the study, 
then they will be invited to individual interviews about 
their reasons for doing so and their experiences with the 
intervention. The interviews will draw on social practice 
theory39 and will be recorded and transcribed verbatim. 
Malterud’s systematic text condensation approach40 will 
be used to analyse the interview data.

Free-living assessment period
A 1- week free- living assessment period is scheduled after 
each of the test days at V1–V3 and includes the proce-
dures described further. Participants are instructed to 
follow group allocation during the assessment period at 
V2 and V3. After the 1- week free- living assessment period 
at V3, the participants will be instructed to live as they 
wish during the subsequent 3- month follow- up period.

Gastric emptying, gastrointestinal transit times and motility
At V1 and V3, participants will be instructed to ingest a 
wireless motility capsule (SmartPill, Medtronic, Minne-
sota, USA) immediately after ingesting the standardised 
breakfast meal with 150 mL water. The capsule measures 
pH, temperature and pressure through the gastrointes-
tinal tract until expulsion. From these data, regional 
transit time, pH profile and motility in different parts of 
the gastrointestinal tract can be estimated.41–43 Partici-
pants will be instructed to wear a SmartPill receiver unit 
within 0.25 m of their body for the following week or 
until the expulsion of the capsule. As this is an expen-
sive measurement, only the first ~60 participants will be 
offered the capsule.

Events related to the gastrointestinal tract
At V1 and V3, participants register all events related to 
the gastrointestinal tract (passing stool, eating, sleeping, 
and gastrointestinal symptoms such as nausea, vomiting, 
pain in the abdominal region, bloating and so on), until 
the expulsion of the SmartPill, using an ‘event button’ 
on the SmartPill receiver. Additionally, the participants 
register the time and type of each event in a diary.

Physical activity and sleep
Physical activity and sleep will be measured using accel-
erometry. Participants will be equipped with one acceler-
ometer on the thigh and one on the lower back for 1 week 
(Axivity AX3, Newcastle upon Tyne, UK). Concomitant 
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with wearing the accelerometers, participants will be 
asked to fill out a physical activity and sleep diary.

Continuous glucose monitoring
A 1- week continuous glucose monitoring (CGM) system 
(Ipro, Medtronic Denmark A/S, Copenhagen, Denmark) 
will be initiated at the test days at V1–V3. The CGM will be 
attached to the lower part of the abdomen in the morning 
at the test days. Participants will be instructed to measure 
blood glucose levels using a glucometer (Contour XT, 
Ascensia Diabetes Care Denmark ApS, Copenhagen, 
Denmark) four times a day during the measurement 
period for the calibration of the CGM (before breakfast, 
lunch, main evening meal and bedtime).

Dietary intake
During the week following V1, V2 and V3, participants 
will be asked to fill in a food record diary (pen and paper) 
for 3 days (day 1, 3 and 5 after the test day; 2 weekdays and 
1 weekend day). Participants will be instructed to register 
weight, time and content of all meals and beverages 
(except water). During the same week, participants will 
be asked to register their eating window (see the Assess-
ment of adherence section).

Participants will be instructed to send the CGM, Smart-
Pill receiver, accelerometers and diaries to the researchers 
after completion of each assessment period.

Gut microbiome
Participants will be provided with a kit for stool samples 
including storage equipment at V0 and V2. They will be 
instructed to collect and immediately freeze (−20°C) three 
samples from the same stool sample ≤72 hours before 
test days at V1 and V3. The participants will transport the 
samples to the laboratory in provided cooling bags and 
the samples will be stored at −80°C until analysis. Bacterial 
DNA and RNA will be purified from the stool samples. The 
microbial content, composition and function will be esti-
mated based on the sequencing of the microbiome.

Randomisation and intervention
After completing baseline testing, participants are 
randomly allocated to either the control group or the TRE 
group. Randomisation is performed in blocks varying in 
size, unknown to the researchers, to ensure an equal distri-
bution of participants in the two groups in case the study, 
for unexpected reasons, must be terminated before the 
inclusion of all participants. The randomisation list was 
generated by an external statistician and uploaded to the 
electronic data management system REDCap (V.8.10.18, 
Vanderbilt University, Tennessee, USA). When partici-
pants leave the research facilities on the test day at V1, 
they receive a sleeve with a combination lock that contains 
information about group allocation. On day 7, when all 
baseline assessments are completed, the participants are 
provided with the code for the lock by an investigator. 
This approach ensures that participants are blinded to 
the group allocation during the 7 day free- living assess-
ment period. Over the phone, the investigator provides 

a detailed description and introduction to the specific 
group allocation. For practical reasons, randomisation 
is open for participants and research staff. However, the 
outcome assessors (data analysts) will be blinded during 
the statistical analyses of all experimental outcomes.

Time-restricted eating
Participants allocated to the TRE group are instructed to 
consume all foods and beverages (except water) within a 
self- selected time window of 10 hours/day between 06:00 
and 20:00 for the 13- week intervention. Furthermore, the 
participants are instructed to keep the eating window stable 
during the entire week and advised to select a window which 
starts at least 2 hours after habitual wake- up time and stops 
3 hours before habitual bedtime if possible. Participants are 
advised to follow the Danish dietary recommendations.44 
No other dietary restrictions are prescribed.

Control
Participants allocated to habitual living are advised to 
follow the Danish dietary recommendations44 but are 
otherwise instructed to continue their habitual lifestyle 
during the 13- week intervention.

Assessment of adherence
All participants are asked to register time for initiating 
first and terminating the last eating/drinking episode 
(except water) every day from the test day at V1–V4. 
Every week during the 26- week period (intervention and 
follow- up), a link to an online form will be sent by email to 
the participants for them to register the time for eating/
drinking episodes for the previous week. In case partic-
ipants in the control group restrict their eating window 
to less than their habitual ≥12 hours/day or if the eating 
window of participants in the TRE group deviates from 
their self- selected 10 hours eating window ≥4 days during 
the first week, then the participant will be contacted per 
telephone to ensure that the participant has understood 
the concept of their designated group allocation. During 
the first week of the intervention, participants in the TRE 
group can change their eating window once, in case they 
are not satisfied with the originally selected window. After 
the first week no changes are allowed. To ensure similar 
contact with participants in the control group and the 
TRE group, the participants will not be contacted in case 
of non- adherence after the first week. However, if the 
participants fail to register their eating window, they will 
be contacted only to remind them to register. No other 
feedback is provided during the intervention. To account 
for variations in daily eating windows around 10 hours, 
participants in the TRE group are considered adherent 
if their eating window is less than 11 hours/day. Adher-
ence to the intervention is calculated as the number/
percentage of days during the intervention the partici-
pants’ eating window is <11 hours/day. Per protocol is 
defined as ≥80% compliance. The eating window will be 
calculated for both groups, but no compliance criterion 
is applied in the control group. Regardless of the degree 
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of adherence all participants allocated to both groups will 
be invited for test days with an emphasis on participating 
in V3 and if participants are not willing to attend a full 
test day, then they will be asked to come in for a measure-
ment of the primary outcome.

Statistical methods
Sample size determination
There is strong evidence for the clinical relevance of a 
weight reduction of 3% in people with overweight or 
obesity, with or without pre- diabetes.45 At the time when 
the RESET study was designed, no RCT had investigated 
the effects of TRE on weight loss in individuals with over-
weight or obesity at high risk of type 2 diabetes. However, 
Gill and Panda investigated the effects of a 16- week TRE 
intervention on changes in body weight in eight healthy 
overweight individuals (BMI˃25 kg/m2) with a habitual 
eating window ˃ 14 hours/day and observed a mean reduc-
tion of body weight of 3.9% (3.3 kg, 95% CI 0.9–5.6 kg); 
however, no control group was included.11 Per inclusion 
criteria individuals with a BMI of ≥25 kg/m2 are included 
in the RESET study. For the participants with a BMI of 
25 kg/m2 (with an expected mean height of 170 cm), a 
change in weight of 3% will correspond to ~2 kg. Thus, in 
order to detect a minimal clinically relevant difference in 
weight change of 3% across the allowed BMI range, the 
trial was dimensioned to detect a difference in change of 
2 kg between the TRE group and the control group. In a 
recent RCT examining the effects of 13 weeks of either 
exercise or pharmacological therapy on cardiometabolic 
health in individuals with overweight or obesity and pre- 
diabetes, the SD for within- group changes in body weight 
in the control group was 2.6 kg (Færch et al, unpublished 
data). We expect that the SD for within- group changes 
will be similar in the RESET trial, but to account for 
uncertainties we increased the SD by 20%, resulting in an 
SD of 3.1 kg. In order to detect a 2 kg (SD 3.1) difference 
in weight change with a desired statistical power of 0.8 
(two- tailed test, alpha 0.05), a total of 40 participants is 
required in each group. To allow for a 20% drop- out in 
each group, we plan to include 50 participants in each of 
the two groups.

Statistical analysis plan
Intention- to- treat analysis including all randomised 
participants will be performed after the last participant 
has participated in the last visit. Additionally, per protocol 
analysis will be performed including participants who are 
compliant during the intervention. Data will be presented 
with the use of standard descriptive statistics. Descriptive 
statistics will be shown as mean (SD) for normally distrib-
uted data and as median (Q1; Q3) for non- normally 
distributed data. Changes from baseline and differences in 
delta values between groups will be analysed using linear 
mixed- effects models with the outcome as a function of the 
group, time and group×time interaction and including 
a participant- specific random intercept. Outcomes with 
a known/expected bimodal distribution due to sex 

differences will be adjusted for sex. Adequacy of assump-
tions of normality and homogeneity of variances will be 
assessed using graphical methods and, if necessary, data 
will be log- transformed for analysis and back- transformed 
for presentation. If model assumptions are not met by 
logarithmically transformation, non- parametric statistical 
tests will be performed. P values <0.05 (two- tailed) are 
considered statistically significant. The potential impact 
of missing data on the primary outcome will be evaluated 
in a sensitivity analysis based on multiple imputation in 
which participants with missing data at follow- up will be 
pooled with the participants in the control group during 
the imputation process.

Results will be presented as estimated mean differences 
in changes with 95% CIs and p values when relevant. A 
full statistical analysis plan will be uploaded to  Clinical-
Trials. gov before the inclusion of participants is finalised.

Patient and public involvement statement
During the study, we enter into dialogue with participants 
about their experiences of the test days, examinations, 
participant information and so on with the aim to under-
stand and improve participants’ experiences in current and 
future studies of TRE.

ETHICS AND DISSEMINATION
All equipment used in the studies meet the requirement 
for patient safety. The total amount of blood taken at each 
visit is maximally 300 mL, which is less than a standard blood 
donation of 450 mL and considered safe. Participants will be 
instructed not to donate blood during the trial. There may 
be some discomfort associated with swallowing the SmartPill. 
The risk of capsule retention in individuals without known 
stenosis is only 0.75% and in such a case, a promotility drug 
is often sufficient to mobilise the capsule. Alternatively, 
endoscopy can be performed to retrieve the capsule. Body 
composition is measured using dual- energy X- ray absorp-
tiometry with a radiation dose of less than 0.01 mSv, which 
corresponds to less than 1 day of normal background radi-
ation. There is no expected discomfort or risks associated 
with the ingestion of the meals, food reward measurements 
or biometric measurements (eye tracking, galvanic skin 
response and facial expression analyses). Participants are 
covered by the Patient Compensation Association according 
to the Danish Act on the Right to Complain and Receive 
Compensation within the Health Service. The intervention is 
considered safe in individuals with overweight and obesity.46

The study has been approved by the Ethics Committee 
of the Capital Region of Denmark (H-18059188) and 
will be conducted in accordance with the Declaration of 
Helsinki. Approval of data and biobank has been obtained 
from the Danish Data Protection Agency. Consent from 
the Ethics Committee of the Capital Region of Denmark 
to all previous and future amendments to the protocol 
have and will be obtained before these are instated 
(online supplementary table 2).

copyright.
 on January 27, 2022 at R

egion H
ovedstad. P

rotected by
http://bm

jopen.bm
j.com

/
B

M
J O

pen: first published as 10.1136/bm
jopen-2020-037166 on 26 A

ugust 2020. D
ow

nloaded from
 

https://dx.doi.org/10.1136/bmjopen-2020-037166
http://bmjopen.bmj.com/


9Quist JS, et al. BMJ Open 2020;10:e037166. doi:10.1136/bmjopen-2020-037166

Open access

No data monitoring committee has been appointed for 
the trial due to the perceived very low risk of harm.

All study- related information will be recorded, handled 
and stored safely in a way that allows accurate reporting, 
interpretation and verification. Source data will be regis-
tered in the electronic data management system REDCap. 
For CGM measurements, source data will be registered 
in a web- based software (CareLink, Medtronic) using the 
participant’s study ID. Source data from dual- energy X- ray 
absorptiometry, biometric measurements, food prefer-
ences, Vagus, SmartPill, accelerometers and indirect calo-
rimetry are registered on the device or related hardware 
and uploaded to a secured logged drive to which only 
project staff has access. Investigators at Steno Diabetes 
Center Copenhagen will have access to the full data set. 
The sponsor/investigator will provide direct access to 
source data/documents for regulatory inspection. Access 
to the full protocol and data can be obtained from the 
principal investigator. As we expect no harm associated 
with the intervention, information on harms/side- effects 
will not be systematically recorded.

Positive and negative as well as inconclusive study results 
will be presented at conferences and published in inter-
national peer- reviewed journals in accordance with the 
CONSORT guidelines, no publication restrictions have been 
imposed. All coauthors must comply with the International 
Committee of Medical Journal Editors guidelines and no 
professional writers will be engaged in the writing process.

DISCUSSION
Implementation and maintenance of traditional strate-
gies for weight loss and early prevention of type 2 diabetes, 
that is, increased physical activity and dietary restrictions, 
are difficult for many,47–49 because it is time consuming 
and requires insights into the type and amount of foods 
eaten. From a public health perspective, there is a strong 
need for feasible lifestyle strategies to combat the current 
type 2 diabetes epidemic. TRE is a simple eating pattern 
regime that extends the daily fasting period and poten-
tially synchronises food intake with circadian rhythms 
of metabolism and may, therefore, represent a feasible 
lifestyle modification strategy. The evidence from animal 
studies and well- controlled human studies suggest that 
TRE has the potential to improve a variety of cardiomet-
abolic risk factors in metabolically vulnerable individuals 
and may be a feasible and sustainable regimen18; however, 
RCTs are lacking. Using an interdisciplinary approach, 
the present study will examine the effects of TRE on 
weight changes and explore effects on cardiometabolic 
health and behaviour, as well as on participants’ motiva-
tion and experiences with TRE.

Implicit in the trial design is that the intervention is only 
relevant and feasible if the participants can uphold the 
TRE regime without frequent contact with the research 
staff; otherwise we find it unlikely that this intervention 
will have great relevance in the public at large (who are 
likely less motivated than those opting to partake in an 

RCT). Eating is integrated into the rhythms and social 
relations in everyday life. Because TRE affects eating 
practices, it is important to get insight into participants’ 
experiences with TRE and to identify potential barriers 
and strategies for integration and maintenance of this 
regimen. Thus, the findings from the present study will 
address whether TRE is an acceptable intervention that 
can improve health outcomes in individuals at risk of 
lifestyle- related diseases. As such, it will potentially inform 
the design of future large- scale studies and feasible health 
recommendations.
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