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Abstract

Food insecurity (FI) can be defined as limited or uncertain access to food of
adequate nutritional quantity or quality and is often assumed to cause increased
hunger levels. Fl is associated with an increased risk of obesity in women in high-
income countries. In recent years, the prevalence of Fl has increased in higher-
income countries where diet-related disease burden remains a significant public
health challenge. Therefore, it is important to characterise the experience of
hunger in FI and explore the potential effects that hunger has on the
psychological processing of food to better predict the downstream effects on
eating behaviour. | first report the results of a descriptive ecological momentary
assessment study (EMA) that investigated the experiences of hunger across the
day in two groups of women: one experiencing food security (FS) and one FI
(Chapter 2). There was no difference between groups in average hunger and
hunger variability within a day. However, in the FI group, there was greater
variation in daily average hunger and within-day hunger variability between days.
| then present two pieces of research focusing on how acute hunger impacts
food-related cognition, as these mechanisms may underpin decision-making
processes during food selection. In Chapter 3, | report two conceptual
replications of a well-cited paper, which found that participants experienced
greater attentional capture by food cues when hungry than when they were
sated. However, the effect was not replicated. In Chapter 4, | explore the impact
of hunger on the memory of food-related information in two studies, which
comprised an image recognition and a price recall task. Hunger did not impact
the memory of food-related stimuli in either study. Finally, | discuss the broader

implications of my findings and consider future research directions (Chapter 5).
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Chapter 1 Introduction

1.1 Thesis Context

1.1.1 Obesity and Public Health

Obesity is a growing public health problem (Bliher, 2019). It is a disease that
results from a complex web of relationships between biological, psychosocial and
behavioural factors, such as genetics and socioeconomic status (Apovian, 2016).
Many behavioural determinants of obesity are preventable, including diet quality
and levels of physical activity (Hruby et al., 2016). These health behaviours are
influenced by physical and digital food environments, as well as the built
environment (Atanasova et al., 2022; Bennett et al., 2024; Swinburn et al., 2011).
Framing obesity as an individual problem rather than a consequence of the
environment is problematic, as resulting obesity policies and interventions are
stigmatising to those living with obesity and are more likely to perpetuate existing
health inequalities (Hill et al., 2021). For example, dietary behaviour change
interventions requiring a high level of individual agency are less effective for
people with lower socioeconomic status, while interventions which target
“‘upstream” dietary influences (e.g., price) minimise inequalities (McGill et al.,
2015).

A recent analysis found that, between 1992-2020, obesity policies in England
placed high demands on an individual’'s agency (Theis & White, 2021). Such
policies rely on individuals to change their behaviour instead of addressing
systemic influences on behaviours of interest. However, there are also examples
of existing policies targeting the obesogenic environment to improve dietary
behaviour, both in the UK and abroad. These include but are not limited to the
taxation of high-sugar products, the introduction of front-of-package nutrition
labelling, and adding calorie information to menus (Malik et al., 2020; Rincon-
Gallardo Patifio et al., 2020). However, these approaches have had limited
success in changing the direction of current trends in population-level weight
status in the UK and globally (Bluher, 2019; Finucane et al., 2011; Theis & White,
2021). Almost 60% of adults in Europe have overweight or obesity, but none of
the Member States in the World Health Organisation European Region are on
track to hit the 2025 target of halting increasing rates of obesity (WHO, 2022).
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Recent developments in drug treatments, such as GLP-1 receptor agonists
(Wang et al., 2023), are promising and may significantly impact the prevalence of
obesity. However, patients require ongoing treatment to prevent weight regain
following successful weight loss using GLP-1 receptor agonists, but the long-term
effects of treatment are currently unknown (Wilding et al., 2022). Furthermore,
even after controlling for cost, inequalities in access to treatment persist, with
minoritised ethnic groups and patients with lower incomes less able to access
treatment (Eberly et al., 2021). Recent increases in demand have also led to
ongoing drug shortages, introducing additional barriers to patients wanting to
initiate treatment and disrupting the care of those already being treated (Whitley
et al., 2023). Given these challenges, pharmacological advances are unlikely to
be the sole solution to the obesity epidemic. Complementary strategies of
treatment and primary prevention (i.e., preventing the development of obesity)
are required. To effectively target preventable determinants of obesity, we must
first deepen our understanding of the psychological, biological, and social factors
contributing to weight gain and limiting weight loss. Doing so will allow us to
design successful solutions to reduce population weight status and increase
healthy life expectancy.

1.1.2 Food Insecurity and Obesity

One factor that could be relevant to the prevalence of obesity is food insecurity
(F1). FI can be defined as “limited or uncertain availability of nutritionally adequate
and safe food or limited or uncertain ability to acquire acceptable foods in socially
acceptable ways” (USDA Economic Research Services, 2023a). In recent years,
the prevalence of FI has significantly increased in wealthy Western nations (e.g.,
UK, USA, Canada), likely due to cost-of-living increases linked to the COVID-19
pandemic, food shortages and high energy prices (FAO, 2023; The Food
Foundation, 2024).

For women in developed nations, Fl is robustly associated with obesity (Laraia,
2013; Nettle et al., 2017). In these populations, the odds of high body weight are
50% higher for women with FI than those with FS (Nettle et al., 2017). It is worth
noting that although the literature often refers to differences in weight status
under conditions of FI between men and women (genders), it is more true to

theoretical accounts to report differences between males and females (sexes).
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Primarily, gender refers to socially constructed norms and roles, and biological
sex refers to an individual’s biological traits; neither are binary, as gender is a
spectrum and biological sex includes those who are intersex (Kaufman et al.,
2023). Differential responsiveness in adiposity to Fl is considered a difference
between sexes rather than genders because of differences in biological traits,
such as endocrinology and energetic requirements for reproduction. In humans,
around 27% of body weight in females can be attributed to adipose tissue,
compared to around 15% in males, a difference typically ascribed to the greater
energetic requirements of reproduction for females (Norgan, 1997; Zafon, 2007).
However, the greater average adiposity in females does not explain their
increased sensitivity in adiposity under conditions of Fl. Ultimate explanations
underpinning sex differences in weight sensitivity to FI remain unclear (Nettle et
al., 2017). In this thesis, | will use the terms females and males instead of the
more commonly used women and men when discussing differences in weight
status in response to Fl, as the terms more accurately reflect theoretical
accounts. Additionally, doing so supports the calls for researchers to pay closer
attention to distinctions between sex and gender in health research to improve
gender equity in healthcare (Kaufman et al., 2023).

Because of the link between FI and obesity, the rise of Fl in wealthy countries is
widening health inequalities and contributing to the growing global obesity crisis,
both of which are major public health challenges (Case & Kraftman, 2022;
Lucero-Prisno Il et al., 2023; Williams et al., 2015). The association between FI
and obesity is often referred to as the “food insecurity-obesity paradox” due to the
apparent incongruity between its two components (Dietz, 1995; Dinour et al.,
2007); how can those experiencing FI have a higher weight status than those
who have food security (FS) while also having insufficient access to adequate
nutrition? When individuals habitually consume more energy than they use, they
gain weight. Early reports of a relationship between Fl and obesity suggested that
FI leads to the increased consumption of energy-dense foods and subsequently
heightens the risk of obesity (Dietz, 1995). Evidence supports this; compared to
individuals with FS, individuals experiencing FlI consume more energy-dense
foods that are typically cost-effective, highly palatable, and of poor nutritional

quality (Eskandari et al.,, 2022; Leung et al., 2014). Despite increased



consumption of energy-dense foods, several studies on different samples have
reported no difference in daily energy intake between groups experiencing Fl and
FS (Leung et al., 2014; Morselli et al., 2024; Shinwell et al., 2022). Shinwell et al.
(2022) explored dietary correlates of Fl in the UK and found that their participants
with FI reported a less diverse diet and greater variability in meal timing. The
authors concluded that there may be metabolic and health consequences
associated with the temporal irregularity in food consumption that they found to

be characteristic of FI.

Evidence supporting changes in food choice, consumption and eating behaviour
under conditions of Fl only provides a possible proximate explanation for the link
between FI and obesity. It does not offer an ultimate explanation, i.e., it tells us
how FI may lead to obesity, but it does not tell us why individuals experiencing FI
gain weight. Researchers who investigate the Fl-obesity paradox from an
evolutionary perspective propose that increasing adiposity may be an adaptive
response to the uncertainty of food availability under conditions of FI (the
insurance hypothesis; Bateson & Pepper, 2023; Nettle et al., 2017). Increasing
body fat stores may improve short-term survival by acting as an energetic buffer
in an environment in which food acquisition is unpredictable. Early experimental
evidence supporting the insurance hypothesis came from the study of birds,
which showed plasticity in fat storage within individual birds in response to
unpredictable access to food (or Fl, as described in the present thesis; Ekman &
Hake, 1990; Witter & Swaddle, 1997).

To my knowledge, there is no published literature which attempts to
experimentally create Fl in humans — by manipulating the predictability of access
to food — to study its effects on fat storage, behaviour and health. Manipulating Fl
in human research is ethically challenging and difficult to conduct safely. It is
worth noting that I am involved in an ongoing pilot study which mimics the
uncertainty of FI by manipulating the timing and predictability of eating events
(based on the methods of Farshchi et al., 2004a, 2004b), but findings have not
yet been published. Previously, researchers have tried to overcome the
challenges associated with studying FI experimentally by controlling the study
environment rather than the experience of FI itself. For example, researchers

found that participants who had experienced FI prior to a four-day admission to a
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highly controlled metabolic ward had a higher respiratory quotient and lower
levels of glucagon-like peptide 1 than participants who had not (Booker et al.,
2022). These differences would likely ultimately contribute to increased energy
balance (by promoting higher energy intake) and increased fat storage,
highlighting that the metabolic effects of FI persist even when an individual is not
living under conditions of FI at present. Another study from the same group
supports increased energy intake in participants with Fl (Stinson et al., 2018),
contrary to findings from studies in free-living populations, as previously
mentioned (Leung et al., 2014; Morselli et al., 2024; Shinwell et al., 2022). In this
study, researchers recruited FI and FS participants to an eight-day highly
controlled laboratory study and observed differences in how participants self-
selected food from a vending machine for a three-day period. Participants who
had previously experienced FIl in their day-to-day lives consumed more energy,
fat and carbohydrates during the vending machine paradigm, and consumed
more energy across the three days than participants who had FS. Again, these

findings could explain how FI leads to obesity but not why.

In place of FI, other researchers have studied the effect of experimentally
induced subjective social status on energy intake and preference for energy-
dense foods. Evidence showed that when individuals perceived themselves to be
of lower socioeconomic status, they automatically exhibited a greater preference
for more energy-dense foods and increased their energy intake (Cheon & Hong,
2017). Consequently, the authors proposed that — in social species such as
humans — the psychological and physiological systems which regulate hunger
levels may have evolved sensitivity to perceptions of deprivation in survival
critical resources such as food. If true, the perception of food scarcity alone may
be enough to alter behavioural and metabolic responses to the environment

under conditions of FI, even without experiencing an energy deficit.

To summarise, as it stands, there is a wealth of observational evidence linking FI
and obesity (e.g., Dinour et al., 2007; Franklin et al., 2012; Laraia, 2013; Larson
& Story, 2011; Nettle et al., 2017), and limited experimental evidence linking FI to
changes in dietary behaviour (Booker et al., 2022; Stinson et al., 2018), but there
are no human experimental studies which identify causal pathways between

specific components of FI and increased adiposity. Consequently, the biological
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causal mechanisms underpinning the association between food insecurity and

obesity in females remain poorly described by scientific evidence.

1.1.3 Food Insecurity and Hunger

Exploring differences in psychological and physiological experiences in those
with and without FI is a reasonable starting point to unpick the mechanistic link
between FI and obesity without experimentally creating conditions of Fl. For
example, Fl is often assumed to be associated with increased levels of hunger
(e.g., Nettle, 2017). The United States Department of Agriculture (USDA) used to
use the classification “Food insecurity with hunger” to describe households with
very low food security, despite not asking specific questions about how hunger
was experienced (USDA Economic Research Services, 2023a). To my
knowledge, the hypothesis that Fl is associated with increased hunger levels has

not been tested.

The USDA describe hunger in FI as a physiological condition occurring due to
resource constraints, leading to “discomfort, illness, weakness, or pain that goes
beyond the usual uneasy sensation” (USDA Economic Research Services,
2023a). More broadly, hunger is defined as a universally experienced
interoceptive sensation and psychological state associated with a desire or need
to eat (Beaulieu & Blundell, 2021; Stevenson, 2023). It informs and reminds
organisms that they need to find or eat food. From an evolutionary psychological
perspective, hunger can be thought of as a coordinating mechanism that
regulates psychological and physiological processes to source food to meet
energetic demands (Al-Shawaf, 2016). As hunger is a drive that is predominantly
biologically instigated, it can be considered a quantifiable biological trait in
humans (Beaulieu & Blundell, 2021), as well as a predictor of willingness to eat
and the quantity of food to be consumed (Stubbs et al., 2000). Distinctions are
made between homeostatic and hedonic hunger. In a psychobiological framework
of hunger, homeostatic hunger is associated with the processes linking an
organism’s energetic requirements to the behaviours which will satisfy those
demands (Hopkins et al., 2017). In the same framework, hedonic (or reward-
driven) hunger describes the drive to eat particular foods because of their
palatability in periods of relative energy abundance (Lutter & Nestler, 2009). Both



influence dietary decision-making, eating behaviour and diet-related health
outcomes (Emilien & Hollis, 2017).

As nutritional insufficiency and uncertainty in meeting energetic requirements are
the foundations of FI, | will be focussing on homeostatic hunger (henceforth,
hunger) in this thesis. Because of the links between hunger, eating behaviour and
diet-related health outcomes, quantitatively describing the experience of hunger
in females with and without Fl is an essential step towards understanding the link
between FI and obesity. While it is established that hunger plays an important
role in dietary decision-making, how it does so is less clearly defined.
Understanding how hunger impacts dietary decision-making may elucidate

possible causal links between FI, hunger, and obesity.

Many existing studies focus on general cognitive deficits resulting from hunger
(Benau et al., 2014). Perhaps the most well-known example is the literature
evidencing reduced cognitive function in children who do not eat breakfast
(Hoyland et al., 2009). However, our understanding of the influence of hunger on
cognition may benefit from incorporating a strengths-based approach, as
suggested by Frankenhuis and Nettle (2020). In a strengths-based model, we
would predict that hunger (a motivational state) will improve the processing of
goal-relevant stimuli (i.e., food and information related to food acquisition, such
as price). It is also possible that both strengths- and deficits-based models may
be supported and simultaneously observable. For example, hunger may hinder
cognition globally, but such an effect may be attenuated for stimuli relevant to
food acquisition (Orquin & Kurzban, 2016). Cognitive enhancements or
attenuations for food stimuli may be problematic for dietary decision-making in a
modern food environment where exposure to and availability of food and food
marketing is ubiquitous (Paquet, 2019). If people with FI differ in their
experiences of hunger, they may be disproportionately impacted by such a
mismatch between the environment and the cognitive processing of food.
Therefore, we need to establish whether hunger improves the processing of

stimuli relevant to food acquisition.

1.2 Thesis Aims and Overview

This thesis has two primary aims:



Aim 1: To quantitatively describe and compare the experience of hunger in
females with and without FI.

Given the plethora of evidence supporting the links between FI and negative
health outcomes, there is a public health policy need for research into the drivers
of these associations. Of particular importance is the seemingly causal
relationship between FI and obesity; examining how experiencing FI may lead to
changes in energy balance is critical to understanding this relationship. Moreover,
if one is to understand how energy balance changes under conditions of FI, with
the ultimate aim of identifying a solution, one must also investigate how potential
drivers of these changes are impacted by Fl. As previously discussed, hunger is
a well-evidenced regulator of dietary behaviour and energy intake. While FI has
long been assumed to be associated with increased levels of hunger, there is
little evidence to support the claim. Therefore, it is necessary to study how
hunger is experienced under conditions of FI before one can hypothesise about
how changes in hunger may drive observed changes in energy balance under

conditions of FI.
Aim 2: To investigate the effect of hunger on food-related cognition.

The insurance hypothesis proposes that, under FI, increased adiposity in
response to uncertain food availability is likely an adaptive response to cues of
food scarcity. Thus, the effects of FI on adiposity may be strategic to improve the
odds of survival by increasing the body’s energy buffer. If so, one may also
expect to see strategic shifts in sensitivity to food cues to improve the likelihood
of food acquisition and aid positive energy balance. Given that hunger is
assumed to be experienced differently under FI and that hunger is known to
influence dietary decision-making, it is reasonable to hypothesise that
experiencing FI may increase an individual's sensitivity to food cues. Such
increased sensitivity may, in turn, impact dietary behaviour. However, there are
only a handful of studies which show associations between hunger and food cue
sensitivity (via several cognitive mechanisms). Therefore, before investigating the
effect of FI on food cue sensitivity, it is important to establish whether hunger

itself is what drives this sensitivity.



My thesis comprises three data chapters, Chapters 2-4. All data chapters and
their associated data and analysis scripts are publicly available. Chapter 3 is
published as a peer-reviewed article in Appetite. Chapters 2 and 4 are available
as pre-prints on the Open Science Framework and have been submitted for peer
review to Appetite and Adaptive Human Behaviour and Physiology, respectively.
The versions included in my thesis have been peer-reviewed or are under review.
| have not included a standalone literature review chapter in my thesis to avoid
repetition, as relevant literature is reviewed in detail in the introduction of each

data chapter.

1.3 Thesis Outline

In Chapter 2, | use ecological momentary assessment to investigate the
differences in the experience of hunger in females with and without FI. While this
was chronologically the last study | conducted during my doctoral programme, |
have chosen to present it in my thesis first as its results highlight the importance
and relevance of studying hunger to improve our understanding of socioeconomic
differences in human health. Thus, the findings of Chapter 2 provide a strong

rationale for the data chapters that follow it.

In Chapters 3 and 4, | adapt cognitive tasks to test the hypothesis that hunger is
associated with improved cognitive processing of food stimuli. | begin by
investigating the effect of hunger on attention in Chapter 3 before moving on to
memory in Chapter 4, as attentional capture of a stimulus precedes the encoding
of a memory of the stimulus. Simply put, one cannot memorise a presented
stimulus without first attending to it. Thus, if hunger influences food decision-
making via cognitive improvements for food stimuli, | would need to address
whether this was due to enhancements in attention, memory, or both. Therefore,
in Chapter 3, | present two conceptual replications of a study by Piech et al.
(2010) whose findings suggest hunger increases the perception of food cues via
an attentional mechanism. Contrary to the original findings, both replications
produced null results. | then present two studies in Chapter 4 investigating
whether hunger improves memory of food and food-related information. Study 1
of Chapter 4 uses old data (previously collected for my MSc Psychology thesis)
reanalysed using different methods and statistical approaches (Bayesian, in

place of frequentist). Study 2 uses new data collected during my PhD. As the
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development of Study 2 was directly informed by Study 1, the reanalysis of Study
1 is included in the present thesis. Finally, in Chapter 5, | summarise my learning,
consider the implications of my thesis and reflect on my development as a

scientist throughout my PhD. | end by discussing future research directions.

1.3.1 Impact of COVID-19

To support my doctoral training, | was awarded a studentship by the Northern
Ireland and North East Doctoral Training Partnership, which is funded by the
Economic and Social Research Council. My studentship was awarded in the
2020-2021 round, meaning that | submitted my research proposal for the
studentship before the beginning of the COVID-19 pandemic. The research
question in my original research proposal was “Does food insecurity affect food-
related cognition?”. However, when | started my doctoral studies in September
2020, students were not permitted on campus, and in-person data collection was
prohibited due to the ongoing pandemic. Consequently, | had to redesign my
research programme to work within the restrictions enforced by the university and

the government.

As we did not know when restrictions might be lifted, | started designing and
conducting exclusively online research. Additionally, | switched my focus to
hunger instead of FI for the cognitive research. | made the switch for two main
reasons: (i) my supervisory team advised me that | may struggle to recruit Fl
participants, as they had previously found recruiting Fl participants difficult even
without the additional complication of the COVID-19 pandemic, and (ii) the body
of literature supporting a hunger-driven improvement in food-related cognition
was relatively small and patchy, meaning my research could add value there.
However, during my second year in 2022, FI was on the rise once more in the UK
(The Food Foundation, 2024), and | was frustrated that | had not been able to
conduct Fl-related research. After speaking with my supervisors about my
frustrations, we designed a novel study to quantitatively describe the experience
of hunger in FI; this study became Chapter 2. While Chapter 2 deviates from the
narrative that | originally proposed for my PhD and was not a study | initially
planned to conduct, | believe its results have the greatest potential for impact and
provide an excellent rationale for the cognitive research in the chapters that

follow it.
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Chapter 2 The Daily Experience of Hunger in UK Females With and
Without Food Insecurity

Preface

Chapter 2 addresses the first aim of the present thesis, “To quantitatively describe

and compare the experience of hunger in females with and without FI”.

To unpick the complex causal relationships that lead to increased adiposity in
females with FI, we must develop a better understanding of the experience of Fl. In
particular, we must examine the psychological and physiological components of FI
which may be linked to dietary behaviour, such as hunger. Despite the assumption
that increased levels of hunger are characteristic of living with FI, to my knowledge,

the assumption has never been tested using quantitative methods.

In Chapter 2, | investigate the day-to-day experience of hunger in females with FS
and females who report having experienced Fl in the recent past. | chose to do this
with free-living participants to develop a dataset reflective of real-world experiences.
Furthermore, | studied hunger across a week so that | could assess whether there
were within-day differences and/or between-day differences in average hunger levels
and hunger variation between the groups. The rationale for examining within- and
between-day differences was developed in light of the evidence showing that
females with Fl eat in more temporally variable ways than females with FS (Shinwell
et al., 2022). If eating is more temporally variable in females with Fl, then one might
predict hunger would be, too. Thus, studying temporal variability in hunger at
different temporal scales (e.g., a day or a week) may offer a better opportunity to
elucidate the experience of hunger in females living with FI, in line with the first aim

of the present thesis.

Publication

This chapter is published as a pre-print and has been submitted to Appetite for peer
review and publication in the upcoming special issue “Food Insecurity, Obesity, and
the Cost-of-Living Crisis”. | have not changed it except to refer to other material in
this thesis. Thus, | retain the use of “‘we” in place of “I” as | use elsewhere in this

thesis. The citation information for the pre-print is as follows:



Neal, C., Pepper, G. V., Shannon, O. M., Allen, C., Bateson, M., & Nettle, D. (2024).
Pre-print. The daily experience of hunger in UK females with and without food
insecurity. Open Science Framework. https://doi.org/10.31219/osf.io/24zxe

Author contributions

| prepared each section of the text, including figures, with guidance on narrative and
structure from DN. DN also provided critical feedback on all sections, as did GVP
and OMS. MB and CA reviewed and provided feedback on the Introduction, Methods
and Results sections. | led the development of the rationale and study design, with
support and guidance on key decisions from DN. GVP and CA offered iterative peer
review during weekly supervisory meetings throughout the study development
period. | was solely responsible for participant recruitment, data collection and data
capture. | designed and conducted the data analysis with analysis design support
from DN, predominantly regarding the calculation of derived variables. MB also
contributed to the analysis protocol by sense-checking the approach and

commenting on data visualisations.

12


https://doi.org/10.31219/osf.io/24zxe

2.1 Abstract

Food insecurity (Fl) is associated with increased mortality risk, depression, and
obesity in females in high-income countries, but causal mechanisms remain unclear.
Fl is often assumed to lead to increased levels of hunger. However, quantitative
evidence describing daily experiences of hunger in Fl is lacking. Our pre-registered
study used ecological momentary assessment to capture experiences of hunger in
two groups of UK-based females: those experiencing FI (N = 143) and those
experiencing food security (FS; N = 149). Participants self-reported hunger hourly
(0900-2100) for one week (Monday-Sunday). There was no difference between
groups in mean hunger (t(290) = 0.17, p = .866, d = 0.02) nor within-day standard
deviation in hunger (t(290) = 1.31, p = .193, d = 0.15). However, both quantities
fluctuated more from day to day in the FI group. Compared to the FS group,
participants in the FI group had a larger day-to-day variation in mean hunger (t(284)
= 243, p = .016, d = 0.29) and a larger day-to-day variation in the within-day
standard deviation of hunger (t(284) = 2.90, p = .004, d = 0.34). In exploratory
analyses, we found that the hunger of the two groups patterned differently across the
day. Our findings suggest that experiences of hunger are less stable in those
experiencing FI, likely reflecting the environmental uncertainty in access to food

associated with FI and more variable meal timing.



2.2 Introduction

Food insecurity (FI) can be defined as “limited or uncertain availability of
nutritionally adequate and safe food or limited or uncertain ability to acquire
acceptable foods in socially acceptable ways” (USDA Economic Research
Services, 2023a) and is often described using a continuum from mild to severe
(Piperata et al., 2023). In recent years, there has been a global increase in the
prevalence of moderate to severe FI (FAO, 2023). While this has predominantly
impacted low- and middle-income countries, FlI has also risen in the world’s
wealthiest nations. In the UK, 14.8% of all adults and 20% of all households with

children are experiencing moderate to severe Fl (The Food Foundation, 2024).

In the UK, there are regional inequalities in the risk of FI, with the North East
having one of the highest rates of FI in England (Department for Work &
Pensions, 2023). The increasing prevalence of Fl is likely a driver of widening
health inequality in the UK as FI is associated with a range of adverse health
outcomes, including increased risk of mortality (Banerjee et al., 2021; Office for
Health Improvement & Disparities, 2023), developing chronic disease (Laraia,
2013) and poorer mental health outcomes (Fang et al., 2021; Reeder et al.,
2022). Furthermore, there may be sex differences in vulnerability to Fl-associated
health risks. Females are more likely to experience depression under conditions
of FI than males, and females experiencing FI in high-income countries have
higher odds of overweight and obesity than females who have food security (FS;
tackle this growing public health challenge in affluent countries, it is imperative
that we better describe the psychological and physiological experiences of those

living with FI in this context.

One such experience is hunger. Hunger is an important consideration for health
outcomes as it is closely associated with food consumption and overconsumption
(Emilien & Hollis, 2017). Hunger caused by FI has been described as a
physiological condition occurring due to resource constraints, leading to
“discomfort, illness, weakness, or pain that goes beyond the usual uneasy
sensation” (USDA Economic Research Services, 2023a). While FI is often
assumed to be associated with increased levels of hunger, to our knowledge, this
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hypothesis has not been tested. FI may also be associated with greater variation
in hunger, as Fl is associated with more variable patterns of eating and longer
gaps between eating (Nettle & Bateson, 2019; Shinwell et al., 2022). Therefore,
we may expect higher average hunger and higher hunger variation in individuals
with FI than FS. Furthermore, variation in hunger could operate on two scales:
within a day, with hunger peaks being more extreme with Fl, and between days,

with days being more different from one another with FI.

To understand daily hunger patterns in individuals with FS, we can draw upon a
wealth of literature concerning the fluctuations of self-reported hunger throughout
the day. Hunger usually peaks twice daily, at approximately midday and 6 p.m.
(Mattes, 1990; McKiernan et al., 2008). The timing and magnitude of these peaks
are associated with physiological factors such as blood glucose levels
(Ciampolini & Bianchi, 2006), circadian rhythm (Scheer et al., 2013), and
energetic demands (Blundell et al., 2012). Peaks are also linked to key
psychological drivers, such as memory and learning (for reviews, see Stevenson,
2023; Stevenson et al., 2023). However, to our knowledge, descriptive daily
hunger data are not available in the context of FI. Therefore, little is known about
differences in daily hunger patterns between those experiencing Fl or FS and, if
there are any, how these impact individuals’ behaviour and health outcomes.
Thus, describing the experience of hunger in Fl is a critical step to untangling
potential drivers of its associated negative health outcomes. For such data to be
meaningful, they should be collected as individuals go about their day-to-day
lives. Ecological momentary assessment (EMA) is designed for such scenarios,
allowing repeated, frequent data collection remotely across a given timeframe.
This has several benefits, including reduced reporting errors due to less reliance

on retrospective memory (Lucas et al., 2021; Monk et al., 2015).

In this paper, we present a pre-registered EMA study which aimed to compare the
experiences of daily hunger in two UK groups of females — a group experiencing
FI and a group experiencing FS — over a week. We use sex and the term
female(s), and not gender, in this study as sex differences in health outcomes
associated with FI are of interest. The study aimed to compare within-day and
between-day experiences of hunger between the groups. Doing this will allow for
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the development of testable hypotheses to inform policy decisions. Given that the
definition of Fl incorporates uncertain food availability, and previous assumptions
and evidence suggest that those with FI experience higher levels of hunger and
greater variation in meal timing, we predicted that participants experiencing FlI

would have:

P1.  Ahigher mean hunger rating,
P2. Higher within-day variation in hunger rating,
P3.  Greater between-day variation in average hunger rating,

P4. Greater between-day variation in within-day variation in hunger rating.
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2.3 Methods

2.3.1 Study Overview

The Newcastle University Faculty of Medical Science Research Ethics
Committee (reference 2287/18715) granted ethical approval for this study. We
pre-registered our protocol (https://osf.io/zx5bj) and analysis plan

(https://osf.io/ancx9; see Appendix A.1 for a summary of deviations from our pre-

registrations). This study used EMA to assess and compare daily experiences of
hunger in females experiencing Fl and females experiencing FS. Individuals were
identified as experiencing FI or FS after completing an online expression of
interest form. Both groups of participants were blind to the FI component of the

study and completed the same study procedure throughout.

Participants took part remotely as they went about their everyday lives. They
downloaded and used a mobile app, Ethica (2023), on their smartphones to
respond to hourly momentary assessments between 9 a.m. and 9 p.m. each day

for seven days (Monday to Sunday).

2.3.2 Participants

We recruited 305 participants who were female or assigned female at birth (we
aimed to recruit 150 participants per group, a similar sample size to that used by
Dzubur et al., 2022). After removing participants with low-quality or insufficient
data (see 2.3.5 Data Analysis), 292 participants (143 FI, 149 FS, ages 20-64
years, M = 38.2, SD = 7.2) were included in the final analyses; 118 were recruited
from parent populations of schools in the North East of England with above-
average percentage of pupils eligible for free school meals, 133 from social
media using targeted (by geographical location) advertising to recruit parents in
the same region, and 41 by word of mouth. Furthermore, of the participants
included in the final analyses, 69 were classified as having “low food security”
(moderate FI; mFl), and 74 as having “very low food security” (high FI; hFI; USDA
Economic Research Services, 2023b).

2.3.3 Procedure

Recruitment and data collection took place between June 5" and November 26™
2023. Individuals completed an online form to express their interest in
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participating. First, we presented participants with study information and a
consent form. We informed participants that, to take part, they should be over 18
years old, female (or assigned female at birth), have a smartphone, be able to
download an app and commit to regularly responding to push notifications for
seven days. To minimise potential confounding effects on hunger ratings, we also
informed participants that they should not be following a weight management
program or engaging in excessive physical activity or overnight shift work during

the seven days of the study.

Next, participants provided their contact details, age, gender, height, and weight.
They then completed the Household Food Security Six-ltem Short Form module
(USDA Economic Research Services, 2023b), answered questions about their
employment status and daily eating and working routines, and completed the
MacArthur Ladder (Adler et al., 2000) and Material Needs Scale (Conger et al.,
1994; as used in Allen & Nettle, 2021). We then emailed participants to invite
them to the study, reminded them of the study requirements, and provided
instructions on downloading the mobile app. We instructed participants to set up
the app on Sunday so that the notifications could begin at the appropriate time on

Monday.

During the EMA period, participants received push notifications from the mobile
app that prompted them to open the app and complete a survey (see Figure 2.1

for a timeline). There were three types of notifications that participants received:

Momentary assessments. These notifications prompted participants to
complete a five-question survey (see 2.3.4 Measures). The mobile app
presented the questions in a random order within the survey. If the participant did
not respond, the notification and survey disappeared after 30 minutes. Otherwise,
the survey disappeared once the participant completed it.

Daily waking time. These notifications prompted participants to complete a
survey asking when they woke up that day. The mobile app delivered this at 9
a.m. each day, and it disappeared after the participant responded or at midnight.
We do not report these data in the current paper as they were not used in the
presented analyses.
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Debrief questionnaire. This notification prompted participants to complete a
debrief survey. This notification and survey remained until the participant
responded or the study period (as programmed on the app) ended the following
day. We do not report these data in the current paper as they are beyond its

scope.

N2
NI N1 NI N1 N1 NI NI N1 N1 N1 N1 N1 N1
l I I I I I I I I I I I I

09:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00 18:00 19:00 20:00 21:00

Start of Key End of
study day X N1 - Self-reported hunger and stress study day X

N2 - Daily waking time
- Debrief questionnaire (* only on final day of study period)

Figure 2.1. Timeline of push notifications for each day of the study period.

Furthermore, an “Additional Information” survey on the mobile app home screen
was visible and accessible at all times. It allowed participants to submit additional
information that they thought was relevant to the study or important for the
researchers. We gave participants examples of how they might use this, including

reporting why they had missed notifications or if they were feeling unwell.

At the end of the EMA period, we emailed participants debrief information and
sent them a participation reward. Participants received a 10 GBP e-voucher for
completing the study period and an additional 10 GBP e-voucher if they
responded to over 70% of the momentary prompts. Participants with the top 10%
of response rates were also entered into a lottery to win a 50 GBP e-voucher. To
minimise missing data, we informed participants of these incentives during
recruitment and contacted them during the EMA period if their response rate

dropped below 70%.

2.3.4 Measures

Food insecurity status
In the online form at recruitment, participants completed the Household Food
Security Survey Six-ltem Short Form module (USDA Economic Research
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Services, 2023b). We assigned participants to two groups in line with the
module’s scoring guidelines, as in Shinwell et al. (2022): FS (high or marginal

food security, score 0-1) and FI (low/very low food security, score 2-6).

Momentary assessments

During the EMA period (N1), we asked participants, “How hungry are you right
now?”. They responded using a visual analogue scale (VAS) anchored at 0 (“Not
at all hungry”) and 100 (“Extremely hungry”). Blundell et al. (2010) recommend
using this question in appetite research to assess hunger. We added “right now”
at the end of the question to remind participants to report how they felt when they

responded.

We also asked participants, “Do you have the desire to eat something tasty right
now?”. They responded using a VAS anchored at 0 (“Not at all’) and 100 (“Very
much”). Reichenberger et al. (2020) used this question to measure the intensity
of the ‘desire to eat’ subcomponent of food craving (as in Cepeda-Benito et al.,
2000).

Additionally, we asked participants three questions about their momentary
perceived stress. We do not report these data in this paper (see Appendix A.2 for

details of the measures).

2.3.5 Data Analysis

We analysed and visualised data in R (R Core Team, 2023). Our data and code
are available at https://doi.org/10.17605/0OSF.10/6BP2Z.

We removed two momentary assessments from one participant completed before
the sampling period at 8 a.m. In EMA research, a 75% response rate is often
thought to be adequate, while a 90% response rate is considered excellent
(Stone et al.,, 2023). To maintain sufficient coverage of the study period and
sample in our data, we excluded days in which participants completed fewer than
nine out of 13 momentary assessments (i.e., a daily response rate of less than
69.2%). This left a total of 1749 days across 292 participants. For the between-
day analyses, we excluded six participants with only one day with a response

rate higher than our inclusion threshold.
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As the responses to the hunger and craving questions were strongly correlated
with one another (Pearson’s r = 0.80; t(22,177) = 197.54, p < .001, 95% CI[0.79,
0.80]), we calculated the average of the two scores as our hunger measure at
each assessment. For our pre-registered analyses, we reduced each participant’s
momentary assessments to four summary variables. First, we calculated the
mean and SD of the hunger measure for each participant on each day (we
corrected the SD for the mean by using residuals from the regression of the SD
on the mean). We then took each participant's average of these two values
across the week. We refer to these variables as within-day mean (wM) and
within-day (corrected) SD (wCSD). We calculated two further variables:
between-day variation in the mean (bvM) and between-day variation in the
(corrected) standard deviation (bvCSD). Each participant's bvM is the
standard deviation of their wM from each day across the week, and their bvCSD
is the standard deviation of their wCSD across the week.

Pilot data (described in the preregistered protocol at https://osf.io/xntdf)

suggested that other possible descriptive measures (daily median, range,
minimum, maximum and area under the curve (AUC)) were very highly correlated
with the mean and SD and therefore did not add any additional information. This
was true for the present dataset (see Appendix A.3). Thus, we do not use these

alternate descriptive measures in the present paper.

For our pre-registered analyses, we conducted a MANOVA to assess differences
between Fl and FS participants in the four measures of hunger defined above.
These were followed with univariate models to determine which variables differed

between the Fl and FS groups.

In addition to pre-registered analyses, we ran exploratory analyses to investigate
whether our findings differed depending on the severity of FI by rerunning the
pre-registered analyses with three levels of FI rather than two (using scorings
defined by (USDA Economic Research Services, 2023b): FS, moderate FI (mFI)
and high FI (hFI). Finally, we conducted exploratory analyses with the momentary
assessment as the unit of analysis to investigate whether any differences in
hunger between FI and FS were dependent on the time an assessment took

place (i.e., time of day) or on the day type of the day an assessment occurred
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(i.e., weekend vs weekday). Here, our outcome variable was the momentary
hunger measure, with FI group, time of day and day type as predictors. We
included interactions between the predictors and added a random effect of

participant to allow for repeated measures.
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2.4 Results

2.4.1 Patterns of Hunger

To illustrate the structure of our data, we plotted the average hunger rating at
each time point for all participants (Figure 2.2). On average, hunger peaked at
1200 and 1700 in our sample. The lowest hunger ratings were reported at the last

assessment at 2100.

2.4.2 Pre-registered Analyses

A one-way MANOVA revealed a significant effect of FI on our within- and
between-day hunger variables (F(4, 281) = 2.84, p = 0.025; Table 2.1). Follow-up
univariate analyses showed that, between the FI and FS groups, there was no
difference in within-day mean hunger (wM; t(290) = 0.17, p = .866, d = 0.02;
Figure 2.3A) or within-in-day standard deviation of hunger (wCSD; t(290) = 1.31,
p = .193, d = 0.15; Figure 2.3B). However, the FI group had higher variation in
between-day mean hunger (bvM; t(284) = 2.43, p = .016, d = 0.29; Figure 2.3C)
and between-day SD of hunger (bvCSD; t(284) = 2.90, p = .004, d = 0.34; Figure
2.3D) than the FS group.

To visualise the finding that the FI group had greater variation in the experience
of hunger between days than the FS group, we plotted the SD of hunger at each
momentary assessment. Figure 2.4 shows that the FI group had higher variation

than the FS group in their hunger ratings at most of the assessment times.

Independent samples t-tests showed that, on average, the FI group were younger
than the FS group (Table 2.1; t(290) = -3.86, p < .001, d = -0.45), but the results
of the MANOVA did not change when we controlled for age (no effect of age on
dependent variables, F(4, 280) = 1.30, p = .27; significant effect of FI on
dependent variables, F(4, 280) = 2.83, p = .025). The FI group also had a higher
BMI (Table 2.1; t(290) = 4.07, p < .001, d = 0.48) than the FS group. However,
there was no significant difference between the groups in the percentage of
momentary assessments participants responded to across the week (Table 2.1,
t(290) = -0.72, p = .475, d = -0.08). There was also no significant difference
between groups in how many days were included for analysis in the MANOVA
(t(290) =-1.02, p = .310, d =-0.12).
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2.4.3 Exploratory Analyses

Of the participants included in the analyses, 69 participants could be classified as
having “low food security” (scores of 2-4) according to the USDA Household Food
Security Survey Six-ltem Short Form module (USDA Economic Research
Services, 2023b) and 74 participants could be classified as having “very low food
security” (scores of 5-6). Here, we will refer to these groups of participants as
moderate FI (mFI) and high FI (hFl), respectively.

Compared to the FS group, there was no difference in mean hunger (wM) in the
mFI group (t(289) = -0.08, p = .934) or the hFI group (t(289) = 0.35, p = .728;
Appendix A.4), nor was there a difference in the within-day standard deviation of
hunger (wCSD) in the mFI group (t(289) = 1.59, p = .114) or the hFI group (t(289)
= 0.56, p = .574; Appendix A.4). The hFI group had greater variation in between-
day mean hunger (bvM; t(283) = 2.81, p = .005) than the FS group, but the mFI
group did not (t(283) = 1.12, p = .264; Appendix A.4). Similarly, the hFI group had
greater variation in between-day SD of hunger (bvCSD; t(283) = 3.21, p = .002)
than the FS group, but the mFI group did not (t(283) = 1.49, p = .139; Appendix
A.4).

In our exploratory model using the momentary assessment as the unit of
analysis, there were significant differences in hunger by time of day (F(12, 21840)
= 56.91, p < .001) and by day type (i.e., weekend vs. weekday; F(1, 21854) =
4.80, p = .029). There was also a significant interaction between time of day and
day type (F(12, 21840) = 4.41, p < .001), suggesting that hunger varies over the
course of the day differently at the weekend. The main effect of FI was not
significant (F(1, 300) = 0.05, p = .830). However, there was a significant
interaction between FI and time of day (F(12, 21840) = 1.89, p = .031). The
interaction between FI and day type was not significant (F(1, 21854) = 0.21, p =
.646), and neither was the three-way interaction (F(12, 21840) = 1.35, p = .181).
Thus, the exploratory analysis suggests that although members of the FI group
were not more hungry overall, their hunger patterned differently over the day than
that of the members of the FS group (Appendix A.5). FI participants started the
study period each day with a higher hunger level than FS participants. In both
groups, hunger peaked at 1200 and 1700, with the FS group reporting higher

hunger levels at these times. At 1400, there was a trough in hunger rating that
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was lower in FS participants; FI participants reported being hungrier than FS
participants at 1400. The lowest hunger rating was at 2100, with little apparent

difference between the FS and FI groups.
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Figure 2.2. Mean hunger scale rating at each time point across all days for each

participant.

Note. Error bars indicate one standard error of the mean for momentary assessments. N =
22,179.
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Figure 2.3. Within-day (A, B) and between-day (C, D) hunger measures in Fl and
FS groups.

Note. Error bars indicate one standard error of the mean. *significance of p <.05. **significance of
p <.01.
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Table 2.1. Descriptive statistics of hunger measures, participants' age, BMI, total compliance (across the study period), and number

of days were included for analysis in the MANOVA in Fl and FS groups.

FS FI
Mean SD Range Mean SD Range
Within-day mean (wM) 36.6 13.7 5.9-82.1 36.9 14.12 2.62-74.9
H Within-day (corrected) SD (wCSD) -0.48 5.82 -16.40-17.12 0.55 7.46 -16.81-19.56
unger
measures o
Between-day variation in the mean (bvM) 7.95 3.10 1.84-17.12 9.10 4.78 0.73-33.17
Between-day variation in the (corrected) standard deviation (bvCSD) 452 207 0.34-15.25 532 257 053-13.52
Age 39.7 1.2 20-64 36.5 6.7 20-57
BMI 27.4 6.0 18.3-47.6 31.0 8.9 16.4-71.0
Total compliance (%) 83.8 14.2 14.3-100.0 82.6 14.7 28.6-100.0
Number of days included in MANOVA 6.1 15 1-7 5.9 1.6 1-7
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Figure 2.4. Average SD at each assessment across the week for FI and FS
groups.

Note. For each participant, we calculated the SD of their hunger ratings for each assessment in
the study period. We then averaged the SDs for each assessment for each group. Error bars
indicate one standard error of the mean.
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2.5 Discussion

In the present study, we measured hunger throughout the day for a week in two
groups of UK females, one with and one without Fl. We found no differences
between groups in mean hunger or within-day hunger variation. However, we
found that the FI group had greater variation in mean levels of daily hunger and
variation of hunger across days than the FS group. Our results suggest that the
experience of hunger under conditions of Fl differs more from day to day than is
true under FS. To our knowledge, this is the first dataset that quantitatively

describes the daily experience of hunger in conditions of Fl.

2.5.1 Interpretation of Results

Our within-day results contradicted our predictions that the FI group would have
higher average hunger (P1) and within-day variation (P2), suggesting that FI is
not associated with globally higher levels of hunger and hunger variation.
However, we observed higher between-day variations in daily mean hunger and
hunger variation in the FI group, which supported predictions P3 and P4,
respectively. We also found that the severity of Fl is relevant to our findings; only
the hFI group had greater variation in mean levels of daily hunger and variation of
hunger across days than the FS group. There was no significant difference
between mFI and FS (Appendix A.4), which suggests that the severity of FlI
impacts how the experience of hunger differs between days from that

experienced under conditions of FS.

Greater between-day variation in daily mean hunger and hunger variation may
reflect particular experiences which are known to be associated with Fl. For
example, these results may reflect greater uncertainty and instability in access to
food, higher variation in meal timings, or more demanding or chaotic lives at
home and work (Eicher-Miller et al., 2023; Nettle & Bateson, 2019; Shinwell et al.,
2022). These characteristics could also help to explain our exploratory results
which suggested that, on average, hunger was distributed differently across the
day in the FI group. It is worth noting that these features of FI could also lead to
more hunger variation within an individual within a day; however, our results

suggest that they do not do so overall.
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2.5.2 Use of EMA Methods

Using EMA methods in this study allowed us to sample participants repeatedly
during their daily lives. EMA study design minimises recall bias, improves
ecological validity, and allows for detailed data collection over longer timeframes
than would be reasonable in a laboratory setting (Shiffman et al., 2008). Of
course, collecting data outside of a controlled laboratory setting means that
participant responses may not be as consistent, reliable, or considered due to
distractions from their surroundings. However, in our study, potential noise in the
data resulting from in situ data collection was largely overcome by more frequent
repeated sampling, longer study periods, and increased sample sizes than what
would be achievable in the laboratory. Additionally, reporting how hungry one
feels is a relatively simple task, and responses are unlikely to be significantly
affected by environmental distractions. Existing evidence also highlights the
improvements in validity and adherence that app-based EMA may offer over
traditional pen-and-paper VAS methods for free-living assessments of hunger
(Holliday et al., 2021).

Furthermore, because participants completed the study as they went about their
day-to-day lives, we had to consider how to maximise study adherence and
minimise how many momentary assessments participants missed. To encourage
participants to respond as often as possible, we offered an additional voucher to
participants who responded to more than 70% of the momentary assessments
across the week and prompted participants during the study period if their
response rate fell below this. In addition to incentives (Wrzus & Neubauer, 2022),
study design can also minimise how many momentary assessments are missed
in EMA studies; minimising momentary assessment length improves study
compliance, but sampling frequency has no impact (Eisele et al., 2022).
Therefore, we used a high-frequency sampling schedule to ensure we obtained
high-fidelity data that accurately captured fluctuating hunger levels throughout the
day and minimised the time it took a participant to respond to each momentary
assessment. However, by only including five questions with VAS responses at
each assessment, we were limited in the amount of data we could collect and
consequently could not gather additional information about participants’ eating

episodes and dietary habits. While we recognise dietary data could have been a
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valuable addition to our dataset, we believe the quality of our existing dataset
benefitted from limiting the scope of our study. Compliance would likely have
been lower had we increased the participant burden through additional
guestioning. We achieved 83% compliance across the study, above the 79%
average found in a recent meta-analysis of EMA research (Wrzus & Neubauer,
2022), and there was no difference in compliance between groups. Therefore, we
conclude that we were justified in limiting the scope of our study, and we do not
believe study compliance impacted the conclusions drawn from the between-

group comparisons of the present study.

2.5.3 Assessing Hunger

At each momentary assessment, we used two questions about different
subcomponents of hunger (subjective hunger (Blundell et al., 2010) and craving
(Reichenberger et al., 2020)) to investigate whether the experience of different
aspects of hunger differed between FI and FS. However, we did not use these
two questions as independent measures of hunger as their responses were
strongly correlated. Instead, we created a hunger measure that was the average
of the two responses. To our knowledge, this exact measure has not been used
in prior research. Nonetheless, we find similar overall patterns of daily hunger
using our hunger measure as in other research (e.g., McKiernan et al., 2008),
indicating our approach produces outcomes similar to previous work despite its

differences.

Another consideration for EMA research is whether repeated sampling of the
same questions influences participants' responses over time (referred to as
reactivity; Shiffman et al., 2008). However, there is little evidence for reactivity in
EMA designs which do not aim to change a target behaviour as in the present
study (Shiffman et al., 2008). Furthermore, the hunger questions that we used at
each momentary assessment have been successfully used in other studies which
do not report issues with reactivity (Dzubur et al., 2022; Reichenberger et al.,
2020). We also ensured that participants in both groups were blinded to the FI
component of the study (FI questions were masked in a “Cost of Living” section
of the initial survey) so that knowledge of the study topic did not impact
responses. In the study debrief, we informed participants about the FI aspect of

the study, but they did not know which group they were in.
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2.5.4 Study Sample

Our study focused on recruiting female parents of school-aged children living in
the North East of England. Therefore, we cannot claim that our sample broadly
represented UK females. However, there was a strong rationale for our targeted
sample. For example, we initially planned to recruit exclusively from parent
populations of schools with above-average proportions of pupils eligible for free
school meals and match Fl and FS participants based on BMI, age, and school
(to minimise the impact of unknown confounds of the local area). We focussed on
schools with high free school meal eligibility to maximise our odds of recruiting
females experiencing Fl. Furthermore, we concentrated on recruiting parents of
school-age children as rates of FI are higher in households with children than
without (The Food Foundation, 2024), which further improved our chances of

recruiting our target sample.

However, we could only recruit half of our sample from school parent populations
due to recruitment challenges. Consequently, we had to remove our matching
criteria and use targeted Facebook advertising to recruit the remainder of our
sample. Before we shifted our approach, all participants joined the study via
schools in the NE of England, which had some of the highest regional rates of FI
when the study began (Department for Work & Pensions, 2023). Subsequently,
we retained our recruitment focus on the NE, as sampling here improved our
chances of recruiting enough participants to our Fl group to meet our planned

sample size.

2.5.5 Barriers to Participation

The intensity of the sampling schedule and week-long time commitment likely
created a barrier to study participation; during recruitment, many individuals
indicated they would like to participate but could not because working
arrangements meant they would be unable to respond to momentary
assessments during working hours. Such limitations may have affected certain
groups more than others (e.g., females working in education or healthcare) and
led to a less representative sample, particularly as many females in the UK work
in these settings (e.g., almost 1 million women in the UK work in the NHS (NHS,

2019)). Future studies may consider how EMA methods, such as those used in
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the present study, may be adapted to allow for the inclusion of these participants,
for instance, using wearable devices to respond to momentary assessments.
Furthermore, our study relied on participants owning a smartphone and having a
level of digital literacy that allowed them to download and use an unfamiliar app.
While these factors may have further limited who was able to participate in our
study, they are wunlikely to have had a significant impact on the
representativeness of our sample, as 92% of adults in the UK have a smartphone
(Ofcom, 2024). Digital poverty was another potential barrier to study participation,
especially given that half of our sample was likely experiencing financial instability
and 28% of UK households struggle to afford communications services (Ofcom,
2024). However, continuous access to mobile data or a Wi-Fi connection
throughout the study period was not required as the app downloads the
notification schedule to a participant’'s phone when they sign up and uploads
recorded responses to the server when the participant’s device next has an
internet connection. Therefore, only those experiencing the most severe levels of

digital data poverty would not have been able to participate in our study.

2.5.6 Future Research and Implications

We recognise that the sample in the present study was limited and did not
include males or older females, and, as such, our findings cannot be assumed to
reflect their experiences. Future research should explore whether observed
between-day hunger differences are also present in males with Fl, which may
provide additional insights into sex differences in the association between weight
status and FI exposure (Nettle et al., 2017). Furthermore, future research should
consider older females. Although rates of FI in UK adults over 65 are lower than
in younger adults (Department for Work & Pensions, 2024), older females may be
especially vulnerable to the health-harming effects of FI because of the
compounding effect of their age (Gundersen & Ziliak, 2015). Moreover, we did
not collect data regarding ethnicity in the present study. Given that the North East
of England has particularly low ethnic diversity relative to the rest of the UK, our
sample is likely not representative of the ethnic diversity of the UK population (UK
Government, 2022). Minoritised ethnic groups often have different dietary habits
and higher rates of FI than the White British population in the UK (Department for
Work & Pensions, 2023; UK Government, 2024). Thus, future research should
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ensure these people are meaningfully represented in the sample to ensure that
the results reflect their experiences.

The causal mechanisms linking FI to poorer health outcomes in females,
particularly increased weight status (Bateson & Pepper, 2023), remain poorly
understood. Stress is frequently discussed as a possible mediator (Bateson &
Pepper, 2023; Franklin et al., 2012; Kowaleski-Jones et al., 2019; Laraia, 2013).
Our next steps with this dataset are to use longitudinal analysis methods to
investigate the temporal relationship between momentary hunger and perceived
stress and explore differences in this relationship between the FI and FS
samples. An EMA study that investigated hunger and stress in a population of
vulnerable young adults found that when participants experienced above-average
hunger, they reported greater stress variation at the next assessment (Dzubur et
al. 2022). Furthermore, when individuals who reported higher average stress
levels became hungry, they became significantly more stressed than individuals
with lower average stress. Given that Fl is associated with higher levels of stress
(Martin et al., 2016), greater variation in hunger across days may exacerbate
already high stress levels in the FI sample compared to FS. Research into the
links between these psychological components of Fl, as well as behavioural (e.qg.,
diet and exercise measures) and physiological (e.g., blood glucose, energy
expenditure) components, is critical to establish the causal pathways that lead to
the adverse health outcomes associated with FI and evidence the need for policy
change to overcome the growing public health challenge that FI has become in
the UK.
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2.6 Conclusion

We have shown that females experiencing FI have greater variation in daily mean
hunger and hunger variation across days than those experiencing FS. However,
we did not find evidence that these groups differed in average hunger or hunger
variation within a day. To our knowledge, our study is the first to gather hourly,
guantitative measurements of hunger in an FI and FS group. The hourly hunger
patterns in this study largely follow the trends expected from research monitoring
hunger in the general population (McKiernan et al., 2008), but the FI group
appear to be more variable in how hungry they feel at each assessment than the
FS group. We suggest future research should measure hunger longitudinally with
other psychological, behavioural and physiological factors in participants
experiencing Fl (with an FS comparison group) to investigate potential causal
pathways of how FI negatively impacts health. Future research should also
explore whether the greater variation in hunger under FI conditions that we have
described can be explained by uncertainty in food access, greater variability in

meal timing, and more demanding and chaotic lives in those experiencing FI.
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Chapter 3 No Effect of Hunger on Attentional Capture by Food

Cues: Two Replication Studies

Preface

Chapter 3 addresses the second aim of the present thesis, “To investigate the

effect of hunger on food-related cognition”.

In the introduction, | suggested that we may expect to see strategic shifts in
sensitivity to food cues as an adaptive response to cues of food scarcity, such as
those experienced by individuals with Fl. In Chapter 2, | have shown that hunger
is experienced differently in females with and without FI. In light of Chapter 2’s
findings and the understanding that hunger has a strong influence on dietary
decision-making, | hypothesise that hunger may contribute to changes in dietary
behaviour under conditions of Fl, via increased sensitivity to food cues. If the
hypothesis is supported, one might also expect to observe increased sensitivity to
food cues in a state of acute hunger, which has been found in a small number of

studies (discussed earlier and in the following two chapters).

In Chapter 3, | replicate a previously published study which found that visual food
cues captured attention to a greater extent when individuals were hungry
compared to sated. Here, | choose to focus on visual cues of food as food
imagery is a ubiquitous feature of contemporary Western living, meaning results
from such research would have a high degree of ecological relevance to
Emotional Blink of Attention paradigm. Compared to other cue reactivity
paradigms, Attentional Blink paradigms are better at allowing us to examine how
stimuli are prioritised during “cognitive bottlenecks” — i.e., situations in which
multiple cues are simultaneously competing for limited cognitive resources. If a
particular type of cue consistently captures attention, then one may hypothesise
that the prioritisation of the cue is strategic. The Emotional Blink of Attention
paradigm allows us to investigate how emotionally salient, biologically relevant
stimuli are prioritised during cognitive bottlenecks relative to stimuli which are

considered neutral (or irrelevant to survival). Such cognitive bottlenecks can be
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representative of real world experiences of managing the cognitive requirements

of competing interests and goals.

Using the Emotional Blink of Attention paradigm with food cues can tell us about
how food information is prioritised relative to other types of cues (biologically
relevant or otherwise). It also allows us to study how food may be processed
differently in response to changes in emotional or motivational state, particularly
in situations where the change in state is related to the type of cue presented. In
the present context, the state of interest is hunger. Therefore, the following
chapter aims to investigate the effect of hunger on food-related cognition — the
second aim of this thesis — by using an Emotional Blink of Attention paradigm to
examine the relationship between hunger and the prioritisation of food cues when

cognitive resources are constrained.

Publication

This chapter is a peer-reviewed publication in Appetite. | have not changed it
except to refer to other material in this thesis. Thus, | retain the use of “we” in

place of “I” as | use elsewhere in this thesis. The citation information for the pre-

print is as follows:

Neal, C., Pepper, G. V., Allen, C., & Nettle, D. (2023). No effect of hunger on
attentional capture by food cues: Two replication studies, Appetite, 191, 107065.
https://doi.org/10.1016/j.appet.2023.107065

Author contributions

| prepared each section of the text, including figures, with guidance and critical
feedback on writing style, narrative and structure from DN, GVP and CA. | led the
development of the rationale and DN suggested the previously published paper
for replication. | devised the experimental protocol and coded the experimental
task, with input on key decisions from DN, GVP and CA. | was solely responsible
for participant recruitment, data collection and data capture. | designed and
conducted the data analysis with analysis design support from DN, predominantly

regarding the use of Bayesian statistical methods.

38


https://doi.org/10.1016/j.appet.2023.107065

3.1 Abstract

Food cues potently capture human attention, and it has been suggested that
hunger increases their propensity to do so. However, the evidence for such
hunger-related attentional biases is weak. We focus on one recent study that did
show significantly greater attentional capture by food cues when participants
were hungry, using an Emotional Blink of Attention (EBA) task (Piech et al.,
2010). We conducted online (N=29) and in-person (N=28) replications of this
study with British participants and a Bayesian analytical approach. For the EBA
task, participants tried to identify a rotated target image in a Rapid Serial Visual
Presentation (RSVP). Targets were preceded by “neutral”’, “romantic”, or “food”
distractor images. Participants completed the task twice, 6-11 days apart, once
hungry (overnight plus 6h fast) and once sated (after a self-selected lunch in the
preceding 1h). We predicted that food images would create a greater attentional
blink when participants were hungry than when they were sated, but romantic
and neutral images would not. We found no evidence that hunger increased
attentional capture by food cues, despite our experiments passing manipulation
and quality assurance checks. Our sample and stimuli differed from the study we
were replicating in several ways, but we were unable to identify any specific
factor responsible for the difference in results. The original finding may not be
generalisable. The EBA is more sensitive to the physical distinctiveness of
distractors from filler and target images than their emotional valence,
undermining the sensitivity of the EBA task for picking up subtle changes in
motivational state. Moreover, hunger-related attentional bias shifts may not be
substantial over the intensities and durations of hunger typically induced in

laboratory experiments.

39



3.2 Introduction

Hunger is a coordinating mechanism of psychological and physiological
processes to solve the adaptive problem of acquiring food (Cosmides & Tooby,
2000). When acquiring food is an organism’s most dominant adaptive concern,
attentional resources should be taken away from other adaptive problems and
reallocated to stimuli likely to increase the odds of successfully sourcing food (Al-
Shawaf, 2016). Therefore, when a person becomes hungry, we should expect
food cues to capture their attention more readily. In modern food environments
where energy-dense foods are ubiquitous, such attentional shifts may be
maladaptive. If increasing attentional bias (AB) for food contributes to increased
food intake (Werthmann et al., 2015), individuals may be at a heightened risk of

developing obesity.

Many researchers have investigated food-related ABs and their associations with
obesity, disordered eating and dietary restraint (see Field et al. (2016); Hardman
et al. (2021); Werthmann et al. (2015) for reviews). There is consistent evidence
that food readily captures human attention. However, the evidence that hunger
increases AB for food is less consistent. A recent meta-analysis concluded that
existing evidence does not support this hypothesis (Hardman et al., 2021).

A few studies have used the emotional blink of attention (EBA) task to investigate
attentional capture by food (Arumée et al., 2019; Davidson et al., 2018; Piech et
al.,, 2010) rather than more commonly used attentional paradigms, such as
modified Stroop, visual/dot probe, or eye-tracking. In the EBA task, the participant
tries to detect a target image in a Rapid Serial Visual Presentation (RSVP). An
attentional blink effect occurs if performance is poorer when a distractor image is
placed two images before the target (lag2) than when it is placed eight images
before the target (lag8). Such a difference is thought to occur because of the
salience of the distractor image: the more salient the image is to the participant,
the more likely it is to capture their attention and prevent them from attending to
the target they are looking for in the immediate aftermath of the distractor’s
presentation. In longer-lag trials (e.g., lag8), this ‘blink’ is assumed to have
resolved. It is often assumed that feelings of hunger increase the value of food
and food cues (see Redlich et al. (2021) for a discussion). Thus, if a participant

completes an EBA task with food image distractors when they are hungry, they
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should show a larger EBA (i.e., a larger difference between lag2 and lag8
performance) than when they are sated.

Piech et al. (2010) (henceforth PPZ) used an EBA task to investigate the effects
of hunger on attention in a sample of US undergraduate students. In a within-
subjects design, they found that attentional capture by food cues was greater
when participants were hungry (following a six-hour fast) than sated (after eating
as usual). PPZ used three different types of images as distractors, categorised as
neutral, romantic, and food. Their key result was that participants had worse
performance on lag2 trials with food distractors when hungry, which was not true
for lag2 trials with neutral or romantic distractors. This was despite their
participants receiving financial incentives for performing well on the task.
Therefore, PPZ'’s results suggest that participants could not ignore task-irrelevant
visual food cues when hungry, even when there was a financial incentive to do

SO.

Davidson et al. (2018) used an adapted version of PPZ’s EBA paradigm to
assess the relationship between the ability of food stimuli to create an emotional
blink of attention and the motivation to eat. They found that task performance in
trials with food distractors was worse than in trials with neutral distractors,
consistent with the general attentional potency of food-related cues. Additionally,
performance after food distractors became worse as appetite increased. These
findings are consistent with those reported by PPZ. However, they do not
represent a close replication because Davidson et al. (2018) were interested in a
different research question concerning sensory-specific satiety, and their
experimental design differed from PPZ. Consequently, they tested non-fasted
participants at regular intervals before and after consuming a midday meal, they
used only food and neutral distractors, and their food distractors were specifically

chosen to be similar or dissimilar to the midday meal participants consumed.

More recent work on the EBA paradigm suggests that an image’s physical
distinctiveness, rather than its content, dictates its ability to capture attention and
create an attentional blink (Santacroce et al., 2023). If this finding is correct, it
makes it less plausible that PPZ’s finding that hunger increases the EBA created

by food images is a robust one. Even if hunger could increase the salience of
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food distractors in the EBA task, this would unlikely be enough to overcome the

determining influence of the images’ physical distinctiveness.

Accordingly, some studies fail to find an effect of hunger on EBA for food images.
Arumae et al. (2019) used an EBA task and hunger manipulation more in line with
PPZ than Davidson et al. (2018). Hunger had no impact on performance in trials
with food distractors. While their EBA task followed a procedure adapted from
PPZ, there were key deviations in their methods. They used different filler, target,
and distractor image sets to PPZ, used only neutral and food distractors, and
presented distractors 2 or 4 images before the target, not 2 or 8 as in PPZ. Their
fasting and sated conditions were similar to PPZ’s. However, their participant
sample and experimental procedure were not: only women were recruited to their
study, and participants completed two additional tasks in each session in a
counterbalanced order. Thus, although the findings of Arumée et al. (2019)
suggest that PPZ’s claim that hunger increases EBA for food images may not be
very robust or generalisable, a closer replication (in the sense of Brandt et al.
(2014)) would be useful.

Considering the theoretical and clinical implications of PPZ’s central finding and
the low replication rates in psychological research (Open Science Collaboration,
2015), further replication attempts are necessary. In this paper, we report the
results of two pre-registered experiments designed to replicate PPZ using British
samples. Although we aimed for our experiments to be as close to PPZ’s design
and procedure as practicable, several differences could not be avoided (see 3.3.1
Overview of Experiments). Our central aim was to replicate the increased
attentional capture by food (but not other) cues in the hungry (but not sated)
state: that is a state by image category interaction effect in lag2, but not lag8,
trials. In line with the findings of PPZ, we hypothesised that hunger would
increase the attentional capture of food cues - but not other types of cues - and
that this effect would be lost when participants were sated.
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3.3 Methods

3.3.1 Overview of Experiments

We carried out two pre-registered experiments (henceforth E1 and E2). The pre-

registered protocols and predictions are available online at https://osf.io/w2a8f

and https://osf.io/vAwpt. The Newcastle University Faculty of Medical Science

Research Ethics Committee (reference 8999/2020) granted ethical approval for
both studies. All aspects of the experiments were presented on PsyToolKit (Stoet,
2010, 2017). Whilst the two experiments were designed to replicate the
experiment reported in PPZ as closely as practicable, there were several mostly
unavoidable differences, which we summarise here before giving fuller

information in the sections that follow.

E1 was conducted online due to the COVID-19 pandemic, whereas E2, like PPZ,
was an in-person experiment. We drew our stimulus images from the same
image bank as PPZ but are unlikely to have used exactly the same subset of
images. Our participant pool was different: as well as being from Britain rather
than the USA, our two samples were not recruited by their student status,
whereas PPZ used undergraduate students. Although PPZ did not provide
descriptive statistics on the ages of their participants, we infer, given their
recruitment strategy, that their participants would have had a lower mean age and
a narrower range than ours. Our procedure for manipulating hunger was based
on PPZ’s. Further, in addition to the participant instructions that PPZ reported, we
stipulated that our participants should abstain from satiating drinks in the hungry
condition (not mentioned by PPZ); and that they should eat lunch within the hour
prior to the session in the sated condition (PPZ assumed they would eat but did
not instruct them to do so). Possibly for these reasons, our hunger manipulation
was more effective than PPZ’s, in both E1 and E2 (see 3.4.1 Hunger

Manipulation Check).

We pre-registered and used a Bayesian approach to data analysis and
hypothesis testing. This has several advantages (summarised in Wagenmakers
et al. (2018)). Notably, it provides, through the Bayes factor (BF), a means of
testing the support for the null hypothesis. That is, it allows researchers to

distinguish the case of the null being likely to be true from the case of the results
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being inconclusive through insufficient statistical power. Relatedly, the Bayesian
approach obviates the need to predetermine a target sample size through a priori
power analysis. Instead, researchers can, without inflating the type-Il error rate,
continue sampling until the evidence either decisively supports the experimental
hypothesis or decisively supports the null hypothesis. Since our Bayesian
approach differs from PPZ’s frequentist one, we also conducted frequentist
analyses of our data using exactly the same strategy as PPZ. The conclusions
were the same. Because it was what we pre-registered, and due to the
advantages described above, we report the Bayesian analyses in the main paper
and frequentist analyses in Appendix B.

3.3.2 Participants

For both experiments, we recruited 30 participants, the same number as PPZ
(though PPZ analysed data from only 23 participants after exclusions). We pre-
specified a flexible stopping rule for sample size, requiring a minimum sample
size of 30 and a Bayes factor of < 1/10 or > 10 for the critical state by image
category interaction in lag2 trials (see 3.3.6 Data Analysis) to stop participant
recruitment. Both experiments met the Bayes factor criterion at the first point of

inspection, after 30 participants.

For E1, we recruited 30 individuals using opportunity sampling, mainly from social
media (ages 21-34 years, M = 28.4, SD = 3.7, women = 17, men = 13). For E2,
we recruited 30 individuals from a research volunteer pool maintained by
Newcastle University (ages 20-79 years, M = 42.9, SD = 20.2; women = 18, men
= 11, non-binary = 1).

3.3.3 Experimental Design

Both experiments had a within-subjects design. Participants completed two
sessions on different days, six to 11 days apart: one in the hungry condition and
one in the sated condition. The order of hungry and sated sessions was
counterbalanced.

3.3.4 Procedure

Recruitment and data collection for E1 took place from June 14th, 2021-July

23rd, 2021. We informed participants that they would need access to Google

44



Chrome on a PC or laptop with a physical keyboard and a quiet place where they
would not be disturbed during the study. Recruitment and data collection for E2
took place from November 16", 2021-February 16", 2022. We informed
participants that they would need to attend Newcastle University on two
occasions, approximately one week apart. In both experiments, we informed
participants that, to take part, they should have normal or corrected-to-normal
vision and should not have a medical condition requiring them to eat regularly

that would exclude them from safely completing a fast.

All sessions started six hours after participants had woken up. Waking time and
session times were agreed upon with each participant during recruitment and
were the same for both sessions. PPZ did not indicate what time of day their
sessions took place. By personalising and standardising session timing for each
participant, we minimised the potential impacts of circadian rhythm or fatigue on
cognitive performance (Schmidt et al., 2007; Valdez et al., 2008) and other

unidentified confounding factors related to timing.

In the hungry condition of both experiments, we instructed participants to refrain
from eating from waking until after their session that day. This resulted in a
minimum of six hours without eating before the experiment, the same as PPZ.
We instructed participants to drink water and caffeinated drinks as usual in the
hungry condition but to avoid satiating drinks (such as those with high milk, sugar,
or calorie content). PPZ instructed participants to “continue drinking as usual” in
the hungry condition. We excluded the consumption of potentially satiating drinks
to create a robust hunger manipulation (an approach used in more recent
research with hungry and sated conditions (Redlich et al., 2021)). We specified
that participants could consume caffeinated but non-satiating drinks in the hungry
condition to limit the potential impacts of caffeine withdrawal on the cognitive

performance of habitual caffeine users (James & Rogers, 2005).

In the sated condition of both experiments, we instructed participants to eat and
drink as usual from waking, as PPZ did. We asked participants to eat lunch in the
hour before their session started, which PPZ did not specify. We implemented
this requirement to minimise the level of hunger participants experienced in the
sated condition and hence to maximise the difference between conditions.
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In both E1 and E2, each session lasted approximately 35 minutes. Participants
provided informed consent and then gave their age and gender. They then
completed the EBA task and were asked if they had been interrupted during the
task upon its completion. They provided a self-reported hunger rating, answered
additional questions, and, only in their second session, completed a dietary
restraint scale. At the end of their second session, we debriefed participants and
reminded them how and when they would receive their rewards. Participants
received a 10 GBP retail gift card as a show-up recompense for each completed
session. In addition, like PPZ, we incentivised accuracy on the task. If their
average accuracy across both sessions was over 80% or 90% (on trials with a
target), participants received an additional 5 GBP or 10 GBP gift card,
respectively. The participant with the highest average accuracy score in each
experiment also received a prize of a 50 GBP gift card. We informed participants

of these monetary incentives during recruitment.

3.3.5 Measures

Emotional Blink of Attention (EBA) Task

E1l participants were asked to complete the task in a quiet place where they
would not be disturbed. E2 participants completed their sessions onsite in a
controlled laboratory environment and were tested alone. The display in E2 was a
61.13 cm, 1920 x 1200 resolution monitor, which participants viewed from

approximately 70 cm away.

The EBA task used in both experiments was as similar as practicable to the
version used by PPZ (Figure 3.1). The task consisted of one block of 16 practice
trials and six blocks of 32 real trials. There were one-minute breaks between
blocks. The trial order was randomised within each block. Each trial was a rapid
stream visual presentation (RSVP) of 17 images shown for 100ms each. Images
were shown on a full-screen black background. Each trial started with a fixation
cross, and participants pressed the spacebar to start. A target was present in
75% of the real trials. The target was an image that had been rotated by 90°,
clockwise or anticlockwise. Both RSVP filler images and target images were

photos of landscapes, some of which contained buildings.
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A single distractor image was present in all trials with a target. Distractors were
categorised as either food, romantic, or neutral images. They were only in
position four, six, or eight in the RSVP sequence and either two positions (lag2)

or eight positions (lag8) before a target.

Participants had to identify whether a target image was present in each trial by
using key presses. They had five seconds to respond after every trial. If they
correctly identified the presence of a target, they had to indicate the direction of
its rotation by using the arrow keys within five seconds. PPZ did not report the
response window that they used. We also instructed participants to respond as

accurately and quickly as possible to each trial.

Accuracy was calculated by dividing the number of target trials in which the
participant correctly identified the direction of the target rotation by the total
number of trials with targets, then multiplying by 100. Participants were shown
their cumulative accuracy for that session after each block and their total
accuracy for that session at the end of the task. The displayed accuracies were
based only on trials with targets. It is not clear whether or how PPZ provided
accuracy feedback. In the paper that PPZ cite as the origin of their EBA
procedure (Most et al., 2005), one of the two experiments did so on a per-trial
basis.

We drew images from the same image sets as PPZ, as the original authors
shared these with us. Most of these images had been acquired from the
International Affective Picture System (IAPS) database (Lang et al., 1997), with
additional supplementation from the internet for romantic and food distractors. As
there were more images than required in each category, the subset we used may
have differed slightly from the subset PPZ used. When selecting food images, we
selected an even number of savoury and sweet food images (28 of each). In
total, 168 different distractor images were used (56 from each category),
alongside 84 landscape images as fillers. An additional 84 landscape images
were used as target images; these were duplicated, with one copy rotated 90°

clockwise and one copy rotated 90° anticlockwise.
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Self-Reported Hunger Rating

After completing the EBA task in all sessions, in E1 and E2, participants
answered the question ‘How hungry are you?’ using a scale anchored at 0 (not at
all hungry) and 7 (extremely hungry). We used their responses as a manipulation

check.

Additional Measures

For all sessions, in E1 and E2, we asked participants when they last had
something to eat. This came after the self-reported hunger rating. It provided a
condition compliance check and an alternative measure of hunger for exploratory
analyses. We also asked if they regularly skipped breakfast for the purpose of

exploratory analyses.

Dietary Restraint

Participants completed the dietary restraint scale (Herman et al., 1978; Herman &
Polivy, 1975) after the EBA task in their second session. We scored participants
using the methods of (Herman & Polivy, 1975). PPZ used this scale to explore
the relationship between dietary restraint and attentional capture of food cues in
lag?2 trials in the hungry condition. While they did not find evidence of a significant
relationship, we retain it here for comparability. We report the results relating to
dietary restraint in Appendix B.1.
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Figure 3.1. Representation of part of a single EBA task trial.

Note. In half of the trials with targets, the distractor image was shown eight places before the

target (lag8) rather than two (lag2) as shown.
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3.3.6 Data Analysis

Data were analysed and visualised in R (R Core Team, 2023). Our data and code
are available at https://osf.io/w5en6/.

PPZ excluded participants who reported a lower hunger rating in the hungry
condition than in the sated condition. We used the same criteria, leading to no
exclusions in E1 and one in E2. PPZ also excluded participants with accuracy
more than two standard deviations below the mean for the respective hunger
condition. We excluded one participant from E1 and one from E2 based on these

criteria.

We fitted Bayesian linear mixed models, which followed the structure of the
repeated-measures ANOVAs used in PPZ (see Appendix B.2 for model
specifications). Models included a random effect of participant to allow for the
repeated measures. We used weakly informative priors of N(1, 10) for all
parameters (McElreath, 2020). A variable called “sequence” was included in
these models, as in PPZ, to account for a session order effect (that is, whether a
participant completed their hungry or sated session first). This was included as
PPZ found a practice effect across sessions and that this effect differed
depending on which condition was completed first. We initially fitted models

analysing all trials together before fitting separate models for lag2 and lag8 trials.

We used paired Bayesian t-tests to assess differences in hunger rating between
states and to test accuracy differences between lags within each category, each
category (in lag2 and lag8 trials, separately), and states for each category in lag2

trials.

Our additional frequentist analyses followed PPZ'’s analysis strategy exactly. They
involved repeated-measures ANOVAs followed up with paired t-tests. The results
of the frequentist analyses are reported in Appendix B.3.

We pre-registered conditional requirements for successful replication of the main
findings of PPZ. Our conditions were based on the strength of evidence for two

key predictions:
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P1. There will be a state by image category interaction effect on accuracy
in lag2 trials — participants’ accuracy will only be reduced after food

distractors in their hungry session.

P2. There will not be a state by image category interaction effect on

accuracy in lag8 trials.

Our statistical conditions required a Bayes factor of greater than 10 or less than
1/10 to support the prediction or the null, respectively. For successful replication,
a Bayes factor greater than 10 was required for both P1 and P2. Alongside Bayes
factors, we present posterior medians and their 89% credible intervals (CI).
Although the 89% is arbitrary, it has become a convention in Bayesian data
analysis (McElreath, 2020). We also report the probability of direction (pd). This
indicates “the probability that a parameter is strictly positive or negative”
(Makowski et al., 2019b).
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3.4 Results

First, we report hunger manipulation, paradigm, and practice effect checks. We
then present results related to the two predictions required for successful
replication (P1 and P2) and additional exploratory analyses. We report E1 and E2
results together. Ancillary results, produced by conducting other analyses also

reported by PPZ, can be found in Appendices B.4to B.9.

3.4.1 Hunger Manipulation Check

Participants had higher hunger ratings in their hungry session than in their sated
session (BFs > 1000; Table 3.1; PPZ descriptives given for comparison), in E1
(median difference = 5.4, 89% CI [5.8, 5.1], pd = 100%) and E2 (median
difference = 5.0, 89% CI [5.5, 4.5], pd = 100%).

Table 3.1 Descriptive statistics of self-reported hunger rating in each state and of

accuracy on the EBA task in lag2, lag8, session 1 and session 2.

Mean hunger rating (SD) Mean accuracy (SD)
Sated Hungry Lag2 Lag8 Session 1 Session 2
PPZ 2.4(1.2) 5.4 (1.4) - - 75.5(7.3)  80.2 (6.7)
E1l 0.5(0.7) 6.0 (0.9) 84.0(11.1) 91.0(8.4) 86.2(7.7) 88.8(5.8)
E2 0.4 (0.9) 5.4 (1.4) 82.3(12.3) 89.5(9.8) 84.4(8.7) 87.3(8.0)

Note. PPZ values are missing for lag2 and lag8 columns as they were not reported.

3.4.2 Blink of Attention Check

Accuracy was higher in lag8 trials, compared to lag?2 trials (Table 3.1; Figure 3.2),
across all distractors in E1 (BF > 1000, median difference = 6.9, 89% CI [5.6,
8.1], pd = 100%) and E2 (BF > 1000, median difference = 7.2, 89% CI [5.8, 8.4],
pd = 100%). This suggests that all distractors produced a blink of attention at
lag2. Planned paired Bayesian t-tests (Appendix B.4) provided evidence for
accuracy differences in lag2 and lag8 trials for each distractor category, in line
with PPZ (Figure 3.2).
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3.4.3 Practice Effect Check

There was evidence to support a practice effect in E1 and E2 (Table 3.1);
participants had higher accuracy in their second session. While the Bayes factors
did not reach our strict threshold (BF > 10) for supporting this prediction, the
evidence for a practice effect was substantial as per the Bayes factor thresholds
of Wetzels et al. (2011), in E1 (BF = 7.6, median difference = 2.6, 89% CI [1.2,
4.1], pd = 99.92%) and E2 (BF = 9.9, median difference = 2.9, 89% CI [1.3, 4.3],
pd = 99.88%). The pd values also suggest a significant practice effect (Makowski
et al., 2019b).

3.4.4 Replication of Main Findings (P1 and P2)

There was evidence to support the absence of a state by image category
interaction effect in lag2 trials in E1 and E2 (Table 3.2; Figure 3.2). Thus, P1 was
not supported. In E2, there was no evidence of a state by image category
interaction effect in lag8 trials (Table 3.2). In E1, the Bayes factors did not reach
our strict threshold (BF < 1/10) to support the absence of a state X image
category interaction at lag8 (Table 3.2). However, the evidence was substantial
as per the Bayes factor thresholds of Wetzels et al. (2011). Overall, given the lack
of support for P1 in our data, we did not replicate the key finding of interest in
PPZ.
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Figure 3.2. Accuracy in PPZ, E1 and E2 separated by lag, image category, and
state.

Note. Trials are grouped by image distractor category, lag, and state. Lower task performance
was hypothesised to indicate a greater attentional blink effect. The PPZ plots have been
reproduced using Graph Data Extractor (2010) to extract data from the original published plots.
Error bars indicate one standard error of the mean. For E1 and E2, error bars are within-subjects

centred. This was not possible for PPZ because raw data were not available.
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Table 3.2. Bayesian model output for P1 and P2 in E1 and E2, and
corresponding findings of PPZ.

PPZ El E2

P1: Interaction effect of image category and state in lag2 trials

Significant Evidence for null Evidence for null

p=.03 BF = 0.06 BF = 0.09

F(2,21)=3.80
sated:romantic: median diff. = 0.02, sated:romantic: median diff. = -0.8,
89% CI [-3.6, 4.1], pd = 50.28% 89% CI [-5.3, 4.2], pd = 60.27%
sated:food: median diff. = 1.3, sated:food: median diff. = -0.3,
89% ClI [-2.4, 5.2], pd = 71.33% 89% CI [-4.7, 4.8], pd = 53.73%

P2: Interaction effect of image category and state in lag8 trials

Not significant Inconclusive Evidence for null

Not reported BF =0.26 BF = 0.06
sated:romantic: median diff. = -3.6, sated:romantic: median diff. =-1.9,
89% CI [-6.9, -0.1], pd = 94.97% 89% CI [-5.1, 1.4], pd = 82.10%
sated:food: median diff. = -3.6, sated:food: median diff. = -0.4,
89% CI [-6.7, 0.07], pd = 95.50% 89% CI [-3.8, 2.9], pd = 56.33%

Note. The dependent variable is accuracy (%). “median diff.” is the median difference.

3.4.5 Exploratory Analyses: Effects of Food Type, Gender and Age

In exploratory analyses, there was no evidence that food type (sweet or savoury)
affected task performance in food trials in E1 (Appendix B.10). The evidence was
inconclusive in E2. Furthermore, there was no evidence of a state by food type

interaction on accuracy in either experiment.

In E1 and E2, evidence for a main effect of gender or an interaction effect of
gender by state by category was inconclusive (Appendix B.11). Likely, E1 and E2
were not sufficiently statistically powered to detect these effects.

There was inconclusive evidence of a main effect of age or an interaction effect of
age by state by image category in both E1 and E2 (Appendix B.12). However,
supplementary frequentist analyses suggested a main effect of age and an
interaction effect of age by state by image category in E2 (Appendix B.12). Given
this, we used median-split age groups to establish whether the difference in
performance on food trials in hungry and sated conditions differed in younger and
older participants. Paired Bayesian t-tests were inconclusive but tended towards

supporting the null, suggesting there was likely no difference in performance
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between food trials in the hungry and sated condition in younger participants (BF
= 0.35, median difference = -0.05, 89% CI [-1.48, 1.36], pd = 52.35%) nor in older
participants (BF = 0.40, median difference = 0.33, 89% CI [-1.21, 2.04], pd =
63.15%). Equivalent frequentist t-tests (Appendix B.12) were not significant,
suggesting that state did not impact performance on food trials regardless of age.
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3.5 Discussion

We have reported two attempts to replicate the main finding of PPZ — an
interaction effect of hunger condition and image category on accuracy in lag2
trials of an EBA paradigm (P1), but not in lag8 trials (P2). Evidence to support
both P1 and P2 was required to deem PPZ’s main finding to have been
replicated. We found no evidence for P1 in E1 or E2, instead finding evidence
supporting the null. We found evidence to support P2 in both experiments, but
without support for P1, this does not constitute even partial support for PPZ’s
effect. The differences in findings were despite our efforts to ensure our pre-
registered replication studies were as close to PPZ as practicable. We liaised
with the original authors (Piech et al., 2010), who supplied the original image sets

for our use and additional details about their experiment and procedure.

We ran several experimental checks that agreed with PPZ, and thus, such
differences are unlikely to explain our differences in results. In E1 and E2, as in
PPZ, there was substantial evidence for a practice effect across sessions and no
correlation between dietary restraint and accuracy in lag2 trials with food
distractors in the hungry condition (Appendix B.1). Furthermore, evidence from
E1l and E2 indicated that the paradigm successfully created a blink of attention at
lag2 for all distractors, as accuracy in lag2 trials was lower than in lag8 trials. It is
also unlikely that our unsuccessful replications were due to insufficient sample
sizes. In both experiments, we employed a pre-registered Bayesian stopping rule
during data collection. This ensured that we continued sampling until the
evidence for the null hypothesis was conclusive. Our use of Bayesian analyses
strengthened our conclusions by allowing us to evaluate the strength of evidence
in favour of the null hypothesis rather than just rejecting it or failing to reject it
(Wagenmakers et al., 2018).

Below, we consider our null result in the context of each of our studies’ key
limitations and differences from PPZ. We then discuss recent criticisms of the
EBA paradigm and their implications for our findings.

3.5.1 Sample Demographics

The most apparent difference between E1 and E2 and PPZ is in the study

samples. They differed in geographical location, gender balance, and age of the
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participants. E1 and E2 used samples from the British population, whereas PPZ
used a sample of US undergraduates. E1 and E2 both had a more even balance
of genders than in PPZ. While our experiments were insufficiently powered to
study gender differences or moderation of an experimental effect by gender,
exploratory analyses uncovered no evidence of them. Therefore, it is unlikely that
the gender profile of our samples was responsible for our difference in results to
PPZ.

PPZ did not report descriptive statistics of the age of their sample. Hence, we
could not definitively determine how the ages of the E1 and E2 samples differed
from theirs. However, given that their participants were undergraduate students,
we infer that the mean age would have been lower and the age range narrower.
We ran additional analyses to determine whether our samples’ age distributions
explained our difference in results. While frequentist tests suggested an age by
state by image category interaction in E2 lag?2 trials, follow-up t-tests confirmed
that this was not driven by a difference in how hunger conditions impacted
accuracy in food trials between younger and older participants. Thus, we
conclude that there are no grounds for thinking that differences in age
distributions were responsible for the difference in results on the key effect of

interest (that is, hunger condition impacting performance on lag2 food trials).

We did not record participants’ BMI in E1 or E2, as PPZ did not report doing so.
Arumae et al. (2019) proposed that attentional biases for food cues may only be
present in specific subpopulations, such as individuals with obesity (Castellanos
et al., 2009). They suggested that strict control over such moderators may be
required to produce the expected effect. However, in their meta-analysis,
Hardman et al. (2021) found there to be no overall relationship between an
individual’'s weight status and their attentional bias for food cues. Another meta-
analysis found no difference in attentional bias to food stimuli across several
tasks between people with obesity or overweight and people with healthy weight
(Hagan et al., 2020). Therefore, even if there were a BMI distribution difference
between our samples and that of PPZ, we have no reason to believe this could

explain the difference in result.
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3.5.2 Hunger and Hunger Manipulation

It is unlikely that differences in participant hunger can explain our null results. In
both E1 and E2, our manipulation of hunger was successful and produced a
larger difference in mean hunger rating between sessions than in PPZ. In
particular, our participants in the sated condition were less hungry than theirs.
This may have been due to our additional explicit instruction to eat lunch in the
hour prior to the session in the sated condition. If anything, a greater difference in
hunger rating between sessions would be more likely to produce the predicted
outcome — a greater attentional blink in lag2 food trials in the hungry condition
than in the sated condition — because of a higher level of motivation (hunger) and
a consequent increase in the value of food distractors.

3.5.3 Experimental Setting

E1 was hosted online due to COVID-19 restrictions, and hence, we could not
ensure display conditions during the experiment were consistent between
participants. Yet, given our within-subjects design and as participants likely
completed both sessions in the same setting on the same device, display
conditions are unlikely to have significantly impacted data quality. We were aware
of this limitation before we conducted E1l. Hence, we pre-registered our
commitment to run a second experiment (E2) in a controlled laboratory setting if
the first experiment produced null results. As the outcomes of E2 supported those
of E1, experimental settings are unlikely to be a significant cause of the

unsuccessful replications.

3.5.4 Overall Accuracy

Overall accuracy was higher in E1 and E2 than in PPZ, but it is unclear why. It is
possible that our distractors were less effective at capturing the attention of our
participants than in PPZ or that our participants were more able to suppress
stimulus-driven attentional capture. However, we do not have sufficient data to

test these speculations.

Another possibility is that our monetary compensation and accuracy feedback
differed from PPZ. Participants in PPZ received monetary compensation based
on their task performance; they received 10 USD if they >=80% and 20 USD if
they scored >=90%. These incentives were applied to each session. PPZ also
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reported awarding “The best participant from each group of 20” an additional 50
USD prize. We had a similar but not identical incentive strategy, with a 5 GBP or
10 GBP gift card for participants who scored >= 80% or >= 90%, respectively, on
average across both sessions. The highest-scoring participant also received a 50
GBP gift card. In addition, though, we also included a 10 GBP gift card as a
show-up fee. In E1 and E2, participants were shown their average score after
each block, which meant they were aware of their performance. It is unclear
whether PPZ also showed participants this information, but we chose to so that
participant motivation remained high throughout the task. Thus, to the extent
there were differences in incentives and feedback, these were subtle.

3.5.5 Differences in Accuracy Across Image Categories and Image Sets

We found notable differences in the main effects of image category on accuracy
(Appendix B.4 to B.8) between PPZ and our replications. For example, PPZ
found that romantic trials had the lowest accuracy at lag2, but at lag2 in E1 and
E2, romantic trials had the highest accuracy. This means that of all the distractors
at lag2, romantic distractors were the most likely to create an attentional blink in

PPZ but the least likely to create an attentional blink in E1 and E2.

These differences (at least in part) may be because of the image sets used in our
replications; the exact image sets used in E1 and E2 were probably different to
the original study, as the original authors were unable to identify the exact image
subsets used from the larger image sets shared with us. This could account for
the lack of state by image category interactions in our replications and those of
Arumée et al. (2019), as even subtle differences in image sets may alter whether

an EBA occurs (Santacroce et al., 2023).

In these particular experiments, the characteristics of the food images used —
such as calorie content or whether a food is sweet or savoury — could be an
important consideration for replication. Calorie data were not available for the
images we were provided. We ensured that a balanced sample of sweet and
savoury food images was selected for use in food trials. Furthermore, we ran
additional analyses on lag2 food trials to assess whether task performance on
these trials was affected by whether a food image was sweet or savoury

(Appendix B.10). Our results suggest this was unlikely. It is worth noting that this
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outcome is supported elsewhere in the literature. Arumae et al. (2019)
categorised their food distractor images based on their fat content (high or low)
and whether they were sweet or savoury; they found that food type did not impact
task performance. Furthermore, in a meta-analysis, Hardman et al. (2021) found
no relationship between hunger and attentional bias for high- or low-calorie food

stimuli.

We also note that if an increased EBA for food images when hungry is restricted
to only a specific, narrow set of images that PPZ happen to have used, it seems

unlikely to be of any broad practical or clinical importance.

3.5.6 The EBA Paradigm and Hunger as a Motivational State

Santacroce et al. (2023) recently published a comprehensive study of the EBA
task itself. They showed that it is not the emotional valence of the distractor that
leads to an attentional blink in an EBA task but its physical distinctiveness from
filler and target images. They surmised that such distinctiveness creates a ‘pop-
out’ effect so the distractor can capture attention, which is not achieved by the
emotional content of the distractor alone. This ‘pop-out’ effect then results in a
blink that may subsequently be magnified by the emotional content of the
distractor. Santacroce et al. (2023) also found that even when an EBA occurs, it
is weaker than the attentional blink produced in a conventional attentional blink
paradigm, in which participants must identify two targets that appear in close
succession in an RSVP.

To summarise, the EBA effect appears less reliant on the emotional valence of an
image than previously thought. Hence, a change in the emotional salience of a
distractor following a change in motivational state may not impact the attentional
blink to any observable extent. Consequently, there appear to be significant
limitations in using the EBA paradigm to study changes in attentional blinks

following a shift in motivational state.

In the experiments presented here and in Arumae et al. (2019), the motivational
state of interest is hunger. As PPZ did, we assume that the emotional valence,
and consequently attentional bias, of food cues will increase with increasing
hunger, resulting in a more pronounced EBA (for discussion of this hypothesis
within an evolutionary psychological framework, see Al-Shawaf (2016)). However,
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the results of Redlich et al. (2021) suggest that hunger may not be an appropriate
manipulation for increasing the value of food stimuli, and a meta-analysis of 98
effect sizes found only a very weak positive correlation between hunger and
attentional bias to food cues (Hardman et al., 2021). Given this, it is unlikely that
hunger alone is capable of dramatically increasing the emotional valence of food
cues to increase the strength of an emotional blink of attention. These
considerations tend to support the possibility that PPZ’s main finding may have

been a false positive.
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3.6 Conclusion

Methodological, demographic or cultural differences across the studies may
account for our failure to replicate the original finding of interest from PPZ.
However, the failure may also result from limitations of the EBA paradigm and/or
a weak relationship between hunger and attentional bias for food cues. At the
very least, this suggests that the key findings of PPZ have limited generalisability,
and, at most, it may suggest their finding was a false positive. Maxwell et al.
(2015) suggested that adopting a Bayesian approach in parallel with multiple
replication attempts can help to elucidate the likelihood of the null hypothesis
given the results of the replication data. We used both strategies in this present
study in an attempt to conduct a rigorous replication and quantify the strength of

evidence in favour of the findings of PPZ or the null hypothesis.

We did not find a relationship between hunger and the attentional capture of food
cues in the present study. Our findings agree with those of Arumée et al. (2019)
but contest those of PPZ (Piech et al., 2010). Therefore, the evidence that hunger
affects attentional allocation to food stimuli may be weaker than previously
thought. We suggest that further replication attempts are required and that the
role of hunger as a motivational driver for shifting cognitive resources towards
food stimuli needs better characterisation. One such avenue could be to assess
whether hunger needs to be experienced with greater intensity, over longer
periods or more frequently (e.g., in populations experiencing food insecurity) to
have measurable effects on food-related cognition rather than the acute hunger

manipulation used here.
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Chapter 4 No Effect of Hunger on the Memory of Food Images

and Prices

Preface

Chapter 4 addresses the second aim of the present thesis, “To investigate the

effect of hunger on food-related cognition”.

In Chapter 3, | found no evidence that hunger increases attentional capture of
food cues. However, it is possible that other cognitive processes, such as
memory, prioritise the retention of food cues when individuals are in a state of
hunger. Doing so may provide an adaptive advantage for finding and acquiring
food when a psychological and physiological drive to eat is present, as individuals
may have an improved ability to remember information they have previously seen

about a food source.

In Chapter 4, | report two studies, each comprising an image recognition and a
price recall task, which examines whether hunger influences the memory of food
images and food-related information (i.e., prices). As in Chapter 3, | focus on
visual food cues due to their pervasiveness in modern life. Moreover, here, | also
choose to examine the relationship between hunger and information directly
related to food acquisition in day-to-day life — price — as such information is
pertinent to food decision-making in a real-world context. Therefore, one might
expect that participants with higher levels of hunger may be better at
remembering food prices, as they must cognitively prioritise retaining more
information relevant to food acquisition to solve their hunger. If food cues and
food-related information are more memorable to individuals when they are
hungry, and individuals with FI experience hunger differently (as shown in
Chapter 2), cognitive shifts resulting from hunger may be an important driver of
dietary behaviour and energy balance in people with Fl. Therefore, the following
chapter aims to investigate the effect of hunger on food-related cognition — the
second aim of this thesis — by using recognition and recall tasks to explore the

relationship between hunger and the memory of food-related information.
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to what is presented in this chapter. In my MSc thesis, | conducted frequentist
ANCOVAs using SPSS with outcome variables of (i) the difference between the
number of food and non-food items correctly selected in the image recognition
task, (ii) the number of food items incorrectly selected in the image recognition

task, and (iii) the difference between the number of food and non-food prices. In
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contrast, below, | conduct Bayesian linear mixed models using R (which include
item type — food or non-food — as a fixed effect) with outcome variables of (i) d’ (a
measure from Signal Detection Theory) and (ii) bias (frequency of positive
responses to a food item) for the image recognition task and, for the price recall
task, (ii) the number of prices correctly recalled and (iv) the mean sum of
squares of the differences between the actual item price and the price recalled. |
have simply used the dataset collected during my MSc to create the improved
revision that constitutes Study 1 in the present chapter. Consequently, the work
presented below is a fundamental revision of work previously submitted for my
MSc thesis. | have completely overhauled how | operationalised and derived
appropriate measures from the dataset and the statistical approach | have taken

to analyse these measures to test my hypotheses.
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4.1 Abstract

Food acquisition is an adaptive problem resolved via both physiological and
psychological processes. Hunger could serve as a coordinating mechanism for
these processes. When hunger increases, it may be beneficial to shift cognitive
resources away from other adaptive problems and towards functions that
increase the chances of acquiring food, such as memory for food information.
However, there is limited research exploring the impacts of hunger on food-
related memory, and the results are mixed. We conducted two studies
investigating whether increased hunger levels improve memory for food images
and prices — but not non-food images and prices — in image recognition and price
recall tasks, respectively. Study 1 was an online, observational study (N = 91)
using self-reported hunger as a continuous measure. Study 2 was an in-person,
between-subjects interventional study (N = 102) where participants were
randomly allocated to a hungry or sated condition. We predicted that higher
levels of hunger would improve participants’ ability to discriminate between food
images they have and have not seen before and correctly recall food prices. We
found no evidence of a hunger-related memory enhancement for food stimuli in
either study. This contrasts with older research but supports more recent work,
suggesting that this effect of hunger on food memory may be sensitive to study

design and not as broadly generalisable as first thought.
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4.2 Introduction

Food acquisition, intake, and choice have been driven by adaptive biological and
psychological mechanisms throughout human evolutionary history to optimise
nutrient availability and meet energetic demands for survival. It is important to
understand the cognitive processes underpinning food-related behaviour in a
modern context because of mismatches between the ancestral and modern food
environment and rising levels of weight-related adverse health outcomes globally
(Murray et al., 2020). Hunger is widely acknowledged as a factor significantly
influencing food consumption and over-consumption (Emilien & Hollis, 2017).
Hunger may act as a coordinating mediator between the psychological and
physiological mechanisms required to find and consume food of sufficient quality
and quantity (Al-Shawaf, 2016). If hunger occupies such a role, it is likely
accompanied by cognitive adaptations that increase the likelihood of food
acquisition and survival. Loewenstein (1996) described hunger as a “visceral
influence” and proposed that when an individual is hungry, goal-congruent goods
and behaviours (e.g., food-related stimuli or tasks) will be more desirable and
therefore prioritised over their goal-incongruent counterparts (e.g., non-food-
related stimuli or tasks). In the context of memory, a similar concept has been
termed “the relevance hypothesis of memory facilitation” (Montagrin et al., 2013;
Montagrin et al., 2021). This hypothesis suggests that goal-relevant stimuli (e.g.,
food) may become more arousing with increasing goal relevance (e.g., when
hungry), which may mediate improved memory facilitation of goal-congruent

stimuli.

Morris and Dolan (2001) found evidence to support these concepts using a
yes/no image recognition task comprising food and non-food images. After
viewing an initial image sequence (i.e., encoding), participants were shown
sequences of “old” images (seen during encoding) and “new” images (never seen
before); they used key presses throughout the sequence to indicate whether they
thought it was an old or new image. The researchers experimentally manipulated
the motivational significance of the food images by having the same participants
complete the task in both hungry and sated states. There was an interaction
between participants’ motivational state and their recognition memory; in the

hungry state, participants had a memory advantage for food images (relative to
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non-food images) that was lost once they became sated. However, the sample
size was small (N = 10) as the study was centred around costly fMRI
measurements. Talmi et al. (2013) expanded on their work with a larger sample
size (N = 43), using a between-subjects manipulation of hunger. Using an
adapted version of Morris and Dolan's (2001) image recognition task, they asked
participants to encode the images under divided attention conditions to
additionally establish whether hungry participants preferentially attended to food
images (as supported in previous research; Channon & Hayward, 1990; Mogg et
al., 1998; Piech et al., 2010; Placanica et al., 2002; Stockburger et al., 2009).
Response modality differed between the studies, as Talmi et al. (2013) asked
participants to recall as many images as possible in writing. Despite these
differences, Talmi et al. (2013) also found that hunger enhanced memory of food

images relative to non-food images.

Montagrin et al. (2021) also found memory enhancements for food stimuli
associated with hunger. In their between-subjects study (N = 74), participants
completed an encoding session, followed by a test session 48h later. In the test
session, participants completed a written free recall of images shown in the
encoding session and then a forced-choice image recognition task with paired old
and new images. Participants in the hungry condition had improved memory
performance for food but poorer memory performance for non-food (in both free
recall and forced choice tasks) compared to the sated condition. The study
differed methodologically from those previously mentioned in that only the
encoding session — not the testing session —was completed in a state of hunger
by those in the hungry condition. Thus, the findings suggest that feeling hungry
when food items are encoded is enough to improve later recall of food items,

even when testing is completed in a sated state.

Most recently, Thieleking et al. (2023) found no evidence of a relationship
between subjective hunger rating and memory of food images in a yes/no image
recognition task; to our knowledge, this is the only published null result of
hunger's effect on food memory. In their study (N = 60), memory encoding
occurred during a wanting task, assessing participants’ subjective desire to eat
food images and to have non-food (art) images. Despite the lack of a hunger

effect and in line with other food memory research (e.g., Seitz et al., 2021; de

69



Vries et al.,, 2020), their trial-level results showed that increasing the calorie
content of a food image improved recognition memory independent of their desire

to eat.

In this paper, we present two studies (S1 and S2), which aim to replicate previous
findings that hunger enhances image recognition memory of food stimuli but not
non-food stimuli. We also extend previous research by investigating the effect
that the calorie content of an image has on memory performance (as in
Thieleking et al. (2023)) and exploring how hunger affects memory for food-
related information relevant to food acquisition in a modern food environment. If
hunger supports the successful acquisition of food via improved memory of food-
related information, we may expect to see memory improvements for cues that
would help obtain food (e.g., the location or price of food). In a modern
environment where food is a primary good (directly relevant to the motivational
state of hunger), money may be considered a secondary good that can be
exchanged for food (Orquin & Kurzban, 2016). We, therefore, assume that the
price of food is indirectly relevant to the motivational state of hunger and expect
to see enhancements in recall of food prices in the hungry relative to the sated

state.

The central aim of S1 and S2 was to establish whether hunger improves memory
of food images and prices. We suggest that hunger may improve memory for
food information by generally reducing cognitive performance but reducing the
performance of food-related processes to a lesser extent. Alternatively, we
propose that hunger may improve memory for food information by shifting
cognitive resources towards improving performance for food-related processes.
Three possible scenarios would support these hunger-driven effects on memory.

Task performance could be:

1. Worse for non-food stimuli when hungry compared to sated, but the same
for food stimuli.

2. Worse for both types of stimuli when hungry compared to sated, but lower
performance reduction in food stimuli compared to non-food stimuli.

3. Better for food stimuli when hungry than sated, but the same for non-food

stimuli.
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If any of these scenarios are supported in our data, we expect to find a significant
interaction between hunger and item type when predicting task performance.

Therefore, there were two main hypotheses for each study:

H1. Hunger enhances recognition memory of food images, but not

non-food images.

If H1 is true, we expect increased accuracy in food trials but not non-food
trials when participants are hungry. We may also see increased response
bias for food items when hungry (i.e., increased propensity to say “yes” to

them, regardless of whether they are old or new).

H2. Hunger increases recall memory of food prices, but not non-food

prices.

We propose two observable outcomes that would support H2: (a) higher
number of food items than non-food items exactly recalled correctly when
hungry, or (b) higher recall accuracy of prices of food items than non-food

items when hungry.
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4.3 Methods

4.3.1 Overview of Studies

We conducted two studies (S1 and S2), each comprising a food-related image
recognition and price recall task. S1 was exploratory and was not pre-registered.

S2 was pre-registered (pre-registration at https://osf.io/7euza). Ethical approval

was granted for S1 by the Northumbria University Department of Psychology
Ethics Committee (reference #26002) and for S2 by the Newcastle University
Faculty of Medical Science Research Ethics Committee (reference
1281 1/14850/2021).

In S2, we improved upon the protocol of S1 to increase confidence in our results,
their replicability, and their causal significance. Here, we will summarise each
study, its variables, and our analytical approach. For the complete study-specific
methods of S1 and S2, see Appendices C.1 and C.2, respectively.

S1 was a correlational study using self-reported hunger rating as a continuous
predictor. It was conducted remotely online (due to the COVID-19 pandemic)
using Qualtrics (software version August 2020). To capture a broad range of self-
reported hunger ratings, we recruited participants in two waves on the same day,
either side of a typical lunchtime (Wave 1 at 11:10 and Wave 2 at 14:00). For
analysis, 91 participants (women = 50, men = 41, age 18-59 years old, M = 33.4,
SD = 10.3) were included.

S2 was conducted in person using PsyToolKit (Stoet, 2010, 2017). It employed a
between-subjects experimental manipulation of hunger (later called “state”) as a
categorical independent variable (IV). For analysis, there were 49 participants in
the hungry condition (age 18-66 years old, M = 28.1, SD = 11.1; women = 35,
men = 14) and 53 participants in the sated condition (age 18-67 years old, M =
31.1, SD = 12.0; women = 36, men = 17).

Food and non-food images (and the associated calorie content of food images)
for both studies were from the food-pics database (Blechert et al., 2014). Since
an international team produced the database and it contains items from various
cuisines, we chose images likely to be familiar to our British study participants.
We determined prices for both studies by matching items selected from food-pics
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to a similar item on the Tesco website (2020) to gauge an ecologically valid price.
We chose Tesco as it has the largest market share of all UK supermarkets
(Kantar, 2024) and is regularly reported as having mid-range prices compared to
other UK supermarkets (Walsh & Simmonds, 2024).

4.3.2 Overview of Variables

Where possible, we used the same outcome variables for the image recognition
and price recall task in S1 and S2 to maximise the comparability of results across

both studies. For clarity, we describe image recognition outcome variables below.

In the image recognition tasks used in S1 and S2, participants had to identify
whether they had seen an item before by responding “yes” they believed they
had seen that item before (they believe it is an old item), or “no” they believed
they had not seen it before (they believe it is a new item). Consequently, there
are four possible trial outcomes: hit (H), miss (M), false alarm (FA), and correct
rejection (CR) (Table 4.1).

Table 4.1. Terms used to define types of participant responses to the image
recognition task.

Participant has seen the item before  Participant has not seen the item before

Response “Old item” “New item”
Yes Hit False alarm
No Miss Correct rejection

However, the hit rate alone does not tell us how well participants remember food
images; participants could achieve a perfect hit rate by indiscriminately saying
‘yes” to every image. Signal Detection Theory (SDT) provides a means to
overcome this difficulty in interpretation by using a mathematical framework to
understand the strategies participants use when faced with uncertainty in
decision-making. SDT allows for the differentiation between discrimination
sensitivity (d’; i.e., the ability to differentiate “old” from “new” stimuli) and

response bias (c; i.e., the overall tendency to respond “yes” or “no”) (Abdi, 2009).
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For the image recognition tasks presented in both S1 and S2, we calculated d’,
(see Table 4.2) to assess whether hunger increases participants’ ability to

discriminate between “old” and “new” food and non-food items.

In S1, ¢ was not an appropriate measure of bias as study design limitations
meant that ¢ values for food and non-food would be directly associated. This is
because participants responded to the S1 image recognition task by selecting an
exact number of food and non-food words in a grid, meaning the number of
selections participants made would always be constant. Thus, to measure image
recognition bias in S1, we used the total number of times a participant said “yes”

to food items.

However, in S2, we overcame the design challenges of S1 by using a yes/no
paradigm in the response section of the task; participants were shown a
sequence of images and used key presses to indicate whether they believed the
image was “old” or “new”, but they were not limited in how many times they could
respond “yes” or “no”. Consequently, we calculated c (see Table 4.2) to
investigate whether hunger influences participants’ tendency to respond “yes” or

“no” to food and non-food items.

To assess the effect of image calorie content on task performance in the image
recognition tasks, we used the binary outcome “hit” or “miss” (see Table 4.3) in
our trial-level analyses. This was essential in S1, as there were no “new” images
to have an associated calorie content because participants responded to the task
using a grid of words. We maintained this measure for S2 for comparability to S1
and ease of interpretation. The image calorie content data were scaled
(converted to z-scores) prior to analysis for both S1 and S2 due to substantial

skews in the distribution of calorie content across images.

All outcome variables used in both the image recognition and price recall tasks
for S1 and S2 are described in Table 4.2.
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Table 4.2. Derived outcome variables for recognition and recall tasks in S1 and S2.

Task Measure Description Interpretation Calculation
d* SDT measure that describes the ability A higher value indicates better discrimination
to discriminate between “new” and between “old” and “new” items. d' =z(H) — z(FA)
“old” images.
Bias (S1) Measure of positive response bias for A higher value indicates a participant said “yes” to
food items (i.e., the total number of more food items. i
times a participant responded “yes” to
a food item).
Recognition . : . .
gnit c* (S2) SDT measure of bias that describes 0 = balanced observer who “minimises conjointly
the tendency to say “yes” or “no”. the risk of a Miss and a False Alarm” (Abdi, 2009).
>0 = more “conservative” observer (i.e., more likely
to say “no” than the balanced observer, thus _
reducing the risk of FAs) ¢ = —05@(H) + 2(FA))
<0 = more “liberal” observer (i.e., more likely to say
“yes” than the balanced observer, thus reducing the
risk of misses).
Score Total number of prices recalled A higher value indicates better task performance. -
exactly.
Price recall ) o .
Accuracy Mean sum of squares of the A higher value indicates a lower accuracy in price -

differences between the actual item
price and the price recalled.

recall.

Note. *We calculated these measures using the R package “psycho” (Makowski 2018).
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4.3.3 Overview of Statistical Approach

Data were analysed and visualised in R (R Core Team, 2023). Our data and code
are available online (doi.org/10.17605/0OSFE.IO/9HSDX). We fitted Bayesian linear

mixed models, the structures of which are presented in Table 4.3. We used

weakly informative priors of N(1, 10) for all parameters (McElreath, 2020). Our
models included a random effect of participant (to allow for the repeated
measures in our within-subjects variable (e.g., item type)), as well as gender and
age as covariates. Gender was included as some evidence suggests that
responses to visual food stimuli are more robust in women, particularly when
hungry (Chao et al., 2017) and age was included as memory performance is
known to decline with age (e.g., in recognition memory, (Bender et al., 2010)). We
also fitted Bayesian logistic models to investigate the impact of calorie content on
the trial outcome (Table 4.3). In these trial-level models, we included an additional
random effect of food item. Furthermore, we fitted a Bayesian linear mixed model
to test whether whole number pricing improved price recall in S1, as some of the
prices used in S1 were whole numbers (e.g., 2.00 GBP) rather than non-whole
numbers (e.g., 2.30 GBP; Table 4.3). For S2, the models we fitted (Table 4.3) had
different structures to those that we pre-registered; we modified our analysis
strategy as our pre-registered analysis protocol was not best suited to our data
(for full details, see Appendix C.3).

We present posterior medians (or odds ratios) and their 89% credible intervals
(CI) for all analyses. Although the 89% is arbitrary, it has become a convention in
Bayesian data analysis (Makowski et al., 2019; McElreath, 2020). If the 89% CI
does not include O (or 1 in the case of the trial-level Bayesian logistic regression
models), we infer that the effect is likely present in our sample. To further support
our inferences, we also report the probability of direction (pd) and the full region
of practical equivalence (ROPE; for descriptions and interpretation of both, see
Appendix C.4). In S2, we deviated from our pre-registered analysis strategy by
using the 89% CI to establish the presence or absence of an effect instead of a
Bayes Factor (see Appendix C.3).

In Figure 4.1, we plot alternative image recognition measures, as these are closer

to the raw data and more intuitive to interpret than the SDT measures used in our
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models. We use the number of hits and correct rejections in place of d’ for S1 and

S2 and the number of hits and false alarms in place of c for S2.
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Table 4.3. Structure of models used in S1 and S2.

Task Outcome Fixed predictors Random effects

Discrimination (d’) Hunger variable, Item type, Age, Gender Participant

Hit or miss* Hunger variable, Calorie content, Age, Gender Participant, Food item
Recognition Total number of food “yes” responses _ o

(S1 only) Hunger variable, Age, Gender Participant

Response bias (c) (S2 only) Hunger variable, Item type, Age, Gender Participant

Score Hunger variable, Item type, Age, Gender Participant

Correct or not* Hunger variable, Calorie content, Age, Gender Participant, Food item
Recall Proportion of prices recalled (S1 only) Whole number, Item type, Age, Gender Participant

Accuracy Hunger variable, Item type, Age, Gender Participant

Accuracy Hunger variable, Calorie content, Age, Gender Participant, Food item

Note. “Hunger variable” in S1 is “hunger rating” (the self-reported hunger rating a participant gave on the hunger scale), and in S2 is “state” (the condition
the participant was in, i.e., hungry or sated). “Item type” indicates whether the outcome variable is for food or non-food trials. “Calorie content” is the scaled
number of kcal in the image of that trial. “Hit or miss” is a dummy coded variable stating whether the participant correctly responded to that trial in which they
had seen the image previously (a hit; 1) or not (a miss; 0). “Score” is the total number of prices participants correctly recalled exactly. “Whole number”
indicates whether the items had whole number pricing (see 4.4.3 Price Recall for more). “Accuracy” is the average sum of squares of the difference between

the actual price and the price the participant recalled. *Trial-level logistic mixed models; all others are linear mixed models.
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4.4 Results

4.4.1 Overview

In S1, hunger ratings were higher in Wave 1 (M = 4.3, SD = 2.5, range = 0-8)
than in Wave 2 (M = 3.2, SD = 2.7, range = 0-9; median difference = 1.0, 89% ClI
[0.1, 1.8], pd = 96.7, ROPE = 0.8). In S2, participants in the hungry condition had
higher average self-reported hunger ratings (M = 5.4, SD = 1.3, range = 1-7) than
participants in the sated condition (M = 0.6, SD = 0.9, range = 0-5; median
difference = 4.7, 89% CI [4.4, 5.1], pd = 100.0, ROPE = 0.0).

Summary statistics for the image recognition and price recall task outcome

variables in S1 and S2 are presented in Table 4.4 and Table 4.5, respectively.

4.4.2 Image Recognition

Overall, participants performed well on the image recognition task in S1 and S2
(as shown by a high hit and correct rejection totals in Figure 4.1A), but we did not

observe ceiling effects.

Discrimination (d’) In S1, we found no evidence to support a main effect of
hunger rating (median difference = -0.01, 89% CI [-0.07, 0.05], pd = 66.5, ROPE
= 97.0), or item type (median difference = -0.04, 89% CI [-0.21, 0.15], pd = 62.3,
ROPE = 53.0), or a hunger rating X item type interaction effect (median
difference = 0.03, 89% CI [-0.01, 0.07], pd = 91.2, ROPE = 98.2), on d’ (Figure
4.1A; Appendix C.5). Thus, hunger rating and item type are unlikely to have

affected participant’s ability to discriminate between “old” and “new” items in S1.

While participants could better discriminate between “old” and “new” food images
than “old” and “new” non-food images in S2 (main effect of item type; median
difference = -0.23, 89% CI [-0.35, -0.12], pd = 100.00, ROPE = 1.1), we found no
evidence of a main effect of state (median difference = 0.20, 89% CI [-0.02, 0.40],
pd = 92.7, ROPE = 14.3), or a state X item type interaction effect (median
difference = 0.05, 89% CI [-0.11, 0.21], pd = 70.9, ROPE = 43.0), on d’ (Figure
4.1B; Appendix C.5). Thus, in line with S1, state is unlikely to have affected
participants’ ability to discriminate between “old” and “new” items, regardless of

whether they were food or non-food in S2.
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Effect of kcal content on discrimination (d’) In S1, kcal content affected
participants' ability to correctly respond to “old” food images (i.e., food hit rate);
participants were more likely to get a hit in food trials with “old” images when the
kcal content of the image was higher (median (OR) = 2.30, 89% CI [1.33, 4.33],
pd = 98.9, ROPE = 2.8; Appendix C.6). Kcal content did not interact with hunger
rating (median difference = 0.91, 89% CI [0.83, 1.00], pd = 94.1, ROPE =92.1).

In contrast, in S2, kcal content did not affect participants' ability to correctly
respond to “old” food images (median (OR) = 1.02, 89% CI [0.87, 1.20], pd =
57.0, ROPE = 92.6) and kcal content did not interact with state (median
difference = 0.83, 89% CI [0.70, 0.98], pd = 96.9, ROPE = 46.6; Appendix C.6).

Bias and c¢ There was no effect of hunger rating on how many food items
participants said “yes” to in S1 (median difference = -0.07, 89% CI [-0.16, 0.01],
pd = 91.7, ROPE = 84.9; Figure 4.1C; Appendix C.5). In S2, participants said
“‘yes” more often to food items than non-food items (main effect of item type on c;
median difference = 0.16, 89% CI [0.09, 0.22], pd = 100.0, ROPE = 0.4).
However, there was no effect of state (median difference = -0.05, 89% CI [-0.16,
0.07], pd = 74.1, ROPE = 33.3), nor was there an interaction effect between state
and item type on c (median difference = -0.09, 89% CI [-0.19, 0.00], pd = 94.1,
ROPE = 14.3; Figure 4.1D; Appendix C.5).
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Table 4.4. Summary statistics of outcome variables in S1 tasks.

Outcome Iltem Mean (SD) Minimum  Maximum
Food 2.63 (0.88) 0.48 3.73
Image d' (discrimination)
N Non-food 2.73 (0.85) 0.64 3.73
recognition
Bias Food 15.4 (1.3) 11 20
Food 4.3 (2.9) 0 15
Score
Non-food 4.9 (2.9) 0 12
Price recall
Food 0.31 (0.33) 0.00 2.22
Accuracy
Non-food 0.83 (0.80) 0.07 6.73

Table 4.5. Summary statistics of outcome variables in S2 tasks.

Outcome Iltem State Mean (SD) Minimum  Maximum
Hungry 1.99 (0.55) 0.89 3.80
Food
d Sated 2.17 (0.74) 0.65 3.80
(discrimination) Hungry  1.76 (0.56) 0.76 3.35
Non-food
Image Sated 1.99 (1.70) 0.43 3.35
recognition Hungry  -0.01 (0.35) -0.83 0.66
Food
c Sated -0.07 (0.37) -1.71 0.57
(bias) Hungry  0.15 (0.33) -0.49 0.82
Non-food
Sated -0.01 (0.38) -1.81 0.74
Hungry 4.88 (2.69) 1 11
Food
Sated 5.17 (2.55) 0 10
Score
Hungry 4.51 (2.73) 0 12
Non-food
Sated 5.17 (2.87) 0 12
Price recall
Hungry 0.35 (0.26) 0.01 1.12
Food
Sated 0.31 (0.24) 0.06 1.27
Accuracy
Hungry 0.60 (0.40) 0.02 1.70
Non-food
Sated 0.50 (0.33) 0.10 1.73
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Figure 4.1. Results from S1 and S2 image recognition tasks: (A) S1, number of
correct trials (hits + correct rejections) in food and non-food trials; (B) S2, number
of correct trials (hits + correct rejections) in food and non-food trials; (C) S1,
number of “yes” trials (hits + false alarms) in food trials; and (D) S2, number of

“yes” trials (hits + false alarms) in food and non-food trials.

Note. In A and C, a median split on hunger rating was used to categorise S1 participants as
hungry or sated as hunger rating was recorded as a continuous measure. Error bars indicate one
standard error of the mean. Hits (H) and correct rejections (CR) are trials in which the participants

correctly identified whether they had or had not previously seen an old or new image, respectively
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(the maximum possible value was 30 for S1 and 60 for S2). The maximum number of food items
a participant could have said ‘yes’ to was 30 in S1. Hits (H) and false alarms (FAs) are ftrials in

which the participant responded ‘yes’ (the maximum possible value was 30 in S1 and 60 in S2).
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4.4.3 Price Recall

Number of prices correctly recalled In S1, participants correctly recalled the
prices of more non-food items than food items (main effect of item type; median
difference = 0.98, 89% CI [0.33, 1.63], pd = 99.1, ROPE = 4.3; Figure 4.2A,
Appendix C.7). However, there was no evidence of a main effect of hunger rating
(median difference = 0.09, 89% CI [-0.10, 0.27], pd = 76.5, ROPE = 95.1), or a
hunger rating X item type interaction effect (median difference = -0.10, 89% CI [-
0.24, 0.04], pd = 87.1, ROPE = 98.5). In S2, there was no main effect of item type
(median difference = -0.38, 89% CI [-0.90, 0.16], pd = 87.2, ROPE = 35.2), state
(median difference = 0.30, 89% CI [-0.56, 1.18], pd = 71.0, ROPE = 33.5), or a
state X item type interaction (median difference = 0.36, 89% CI [-0.36, 1.09], pd =
79.3, ROPE = 33.6) on the number of prices correctly recalled (Figure 4.2B;
Appendix C.7).

Effect of kcal content on the number of prices correctly recalled There was
no evidence that the total kcal content of a food image predicted whether a
participant correctly recalled its price in S1 (median (OR) = 0.74, 89% CI [0.44,
1.27], pd = 83.4, ROPE = 27.0; Appendix C.6) or S2 (median (OR) = 1.00, 89%
CI [0.77, 1.29], pd = 50.1, ROPE = 73.2; Appendix C.6). Furthermore, there was
no interaction effect in S1 between kcal content and hunger rating (median (OR)
= 1.01, 89% CI [0.97, 1.06], pd = 68.3, ROPE = 100.0) or between kcal content
and state in S2 (median (OR) = 0.93, 89% CI [0.77, 1.12], pd = 73.0, ROPE =
80.4).

Effect of whole number pricing on the number of prices correctly recalled
S1 participants correctly recalled higher proportions of items that had whole
number prices than non-whole number prices (median difference = 1.06, 89% CI
[1.02, 1.11], pd = 98.7, ROPE = 11.8) and whole number price interacted with
item type (median difference = 0.85, 89% CI [0.80, 0.90], pd = 100.0, ROPE =
0.0). The difference between the proportion of whole number and non-whole
number prices correctly recalled was greater for food items than for non-food

items (Appendix C.8).

Price recall accuracy Participants were more accurate when recalling prices of
food items than non-food items in S1 (median difference = 0.59, 89% CI [0.40,
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0.77], pd = 100.0, ROPE = 0.0) and S2 (median difference = 0.25, 89% CI [0.17,
0.34], pd = 100.0, ROPE = 0.0). However, in S1, there was no evidence of a main
effect of hunger rating (median difference = 0.00, 89% CI [-0.04, 0.04], pd = 55.0,
ROPE = 99.2) or a hunger rating X item type interaction effect on price recall
accuracy (median difference = -0.02, 89% CI [-0.06, 0.02], pd = 81.0, ROPE =
96.9; Figure 4.2C; Appendix C.7). Similarly, in S2, there was no evidence of a
main effect of state (median difference = -0.03, 89% CI [-0.13, 0.07], pd = 68.2,
ROPE = 36.5) or a state X item type interaction effect (median difference = -0.06,
89% CI [-0.18, 0.06], pd = 80.0, ROPE = 25.7) on price recall accuracy (Figure
4.2D; Appendix C.7).

Effect of kcal content on price recall accuracy The total kcal content of a food
image did not predict participants’ accuracy in recalling its price in S1 (median
difference = 0.02, 89% CI [-0.09, 0.13], pd = 62.5, ROPE = 72.3) or S2 (median
difference = -0.05, 89% CI [-0.20, 0.10], pd = 70.0, ROPE = 56.3). Furthermore,
there was no evidence of an interaction effect between kcal content and hunger
rating in S1 (median difference = 0.00, 89% CI [-0.01, 0.01], pd = 52.6, ROPE =
100.0) or between kcal content and state in S2 (median difference = 0.01, 89% CI
[-0.06, 0.07], pd = 56.0, ROPE = 95.9; Appendix C.9)
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Figure 4.2. Results from S1 and S2 price recall tasks: (A) and (B), the total

Non-Food

number of prices recalled correctly in S1 and S2, respectively, and (C) and (D),
the accuracy of price recalled in food and non-food trials in S1 and S2,
respectively.

Note. In A and C, a median split on hunger rating was used to categorise S1 participants as
hungry or sated as hunger rating was recorded as a continuous measure. Error bars indicate one
standard error of the mean. The accuracy of price recall was calculated using the sum of squares
of the difference between the actual and reported prices; a higher value indicates poorer

accuracy.
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4.5 Discussion

We have reported two studies (S1 and S2) investigating whether current hunger
levels enhance memory for food information in image recognition and price recall
tasks. S1 was conducted online, and subjective hunger rating was measured as a
continuous variable. In contrast, S2 was conducted in person, and hunger was
experimentally manipulated between subjects. There was no evidence of our
primary outcome of interest in this study: an interaction effect between hunger
and item type (food or non-food stimuli) in the image recognition and price recall
tasks of S1 and S2. Below, we individually consider results from the image
recognition and price recall tasks and discuss their strengths and limitations in
the context of previous research.

4.5.1 Image Recognition

Despite the lack of interaction between hunger and item type in both studies,
there were notable differences in ancillary results from the image recognition task
between S1 and S2. In S1, there were no main effects of hunger or item type on
discrimination (d’) between old and new items nor food item response bias.
However, we observed that participants were more likely to respond positively to
old food items (i.e., hits) with higher calorie content. Conversely, in S2,
participants were better at discriminating between old and new food items than
between old and new non-food items and responded “yes” more to food items
than non-food items. However, item calorie content did not impact the likelihood

that a participant achieved a hit in trials with old food items.

S1 suffered from limitations, many of which we aimed to rectify in S2. In the
image recognition task, response modality was the biggest methodological
difference between S1 and S2. In S1, the entire study was presented to
participants on Qualtrics rather than an online platform better suited to cognitive
testing due to unavoidable constraints on our time and software access for online
studies. While we aimed to reproduce the yes/no image recognition task design
of Morris and Dolan (2001), we were unable to because of these constraints. As a
result, participants were presented with a sequence of images during encoding
but responded to the task using a grid of words. Some studies that report an

interaction between hunger and food memory using image recognition tasks were
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not limited by this difference in stimuli modality between encoding and
responding (e.g., Montagrin et al., 2021; Morris & Dolan, 2001). Therefore, this

may be why we did not find main effects of item type.

While we ensured that this issue with response modality was rectified in S2, we
still did not find evidence for an interaction effect between hunger and item type
on discrimination or response bias. Despite this, in S2 (unlike S1), there was a
main effect of item type on discrimination and response bias: food items were
more memorable than non-food items. This evidence aligns with existing
research, indicating that food images are more memorable than other inanimate
objects (see Seitz et al. (2019)) for discussion). In evolutionary terms, the higher
memorability of food stimuli is advantageous for environments where food
resources may become sparse (the survival processing effect; Nairne et al.,
2007). However, in modern society, people are more exposed to food availability
and marketing than ever (Swinburn et al., 2011). Understanding the factors that
contribute to a food image’s memorability is paramount to addressing current

public health concerns linked to eating behaviour.

One such factor may be the calorie content of the food image. In S1, we found
that the higher the calorie content of food images, the more likely a participant
would remember them. This was not true in S2. Past research has shown that
participants are more likely to remember information about food with higher
calorie content (e.g., New et al.,, 2007), which our finding in S1 supports.
However, we suggest this finding should be interpreted cautiously because of the
lack of the equivalent effect in S2 and the differences mentioned above in

response modality in S1.

4.5.2 Price Recall

Price recall task results were more consistent between S1 and S2 than image
recognition results. This likely reflects that the recall tasks in S1 and S2 were
more similar than the image recognition tasks in S1 and S2. There was a main
effect of item type on price recall accuracy in both studies; participants were more
accurate when recalling the prices of food items compared to non-food items.
However, accuracy for food items was not affected by the item's calorie content,

which suggests that the properties of the individual foods may not matter as
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much as their status as a food; typically, stimuli essential for survival are better
remembered than stimuli that are not (Nairne et al., 2007; Seitz et al., 2019). This
may explain why participants were more accurate in recalling food items than
non-food items. However, another explanation could be rooted in exposure and
recency bias (Castel, 2005). Individuals probably shop more frequently for food
than the non-food items used in the tasks. Consequently, they are more likely to
have more frequent exposure to prices of the food items in the task than to the
non-food prices and have their memories of how much these foods typically cost.
Given that we used ecologically valid prices, this alone could improve their
accuracy of price recall for food items, but not how many prices they correctly
recall, which was the case in S2. Participants were more accurate at recalling
food prices than non-food prices, but there was no difference between food and

non-food prices in how many participants recalled exactly.

In contrast, in S1, participants exactly recalled more non-food than food prices.
However, this was likely due to whole number pricing. We found evidence that
whole number pricing increased the likelihood of a participant correctly recalling a
price. In S1, there were three food and four non-food items with whole number
prices. Therefore, participants were likely better at recalling non-food prices in S1
because more of these were whole numbers, which were more memorable.
Because of this, we did not use whole number pricing in S2, which may explain
the absence of a main effect of item type in the S2 correct price recall analysis.
Furthermore, the calorie content of a food item is unlikely to be responsible for
this discrepancy in results between S1 and S2, as items with higher calorie

content were not more likely to be correctly recalled in S1 or S2.

4.5.3 Hunger Variables and Demographics

The two previous sections considered limitations which affect the image
recognition and price recall tasks independently. However, other factors affecting
both tasks and studies need to be considered when contextualising the results of

this study.

Firstly, S1 used a subjective hunger rating as a continuous predictor rather than
an experimental, between-subjects hunger manipulation, as in S2. In S1, we tried

to overcome this potential limitation by recruiting participants in two waves (one
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prior to and one following a typical lunchtime). However, this is unlikely to have
provided us with a hunger variable as robust as an experimental manipulation
could have, and it introduced additional confounds, such as time of day. In
previous studies, researchers have typically opted to manipulate hunger by
requiring participants to fast for a given amount of time prior to the study
(Montagrin et al., 2021; Morris & Dolan, 2001; Talmi et al., 2013; Thieleking et al.,
2023). We used a strategy similar to Montagrin et al. (2021) in S2 and a
comparison of hunger ratings in the sated and hungry conditions showed that we
successfully created a difference in hunger between our conditions. It is worth
noting that while there was a difference in the hunger rating scales we used in S1
and S2, this would not have influenced our outcome as, in S2, hunger ratings
were only used to assess the success of our hunger manipulation, not as a

predictor of task performance (as in S1).

In all analyses for both studies, we controlled for age and gender and found no
evidence to suggest that either affected our outcome variables. Thus, it is unlikely
that these demographic variables were responsible for the differences in S1 and
S2 results. However, we did not record participants’ BMI or level of dietary
restraint (Herman & Mack, 1975). Consequently, we cannot comment on how
these factors impacted our findings. However, a growing body of evidence
suggests associations between general memory impairments, appetite control
problems and, potentially, increased weight (Higgs & Spetter, 2018).
Furthermore, higher dietary restraint in women has been linked to poorer memory
of control stimuli than food stimuli, which was not observed in those with lower
dietary restraint (Israeli & Stewart, 2001). Therefore, future studies should
consider weight status and dietary restraint when designing recruitment
strategies and analytical approaches so that the potential effects of these

variables can be investigated and accounted for.

4.5.4 Study Design Across S1 and S2

There were several limitations in S1 that we aimed to improve upon in S2. As S1
was run online, display conditions were not consistent between participants. We
rectified this in S2 by running the study in a controlled laboratory setting, and we

did not see a difference in our primary effect of interest (hunger X item type
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interaction). Thus, the display conditions in S1 are unlikely to have impacted our
findings.

Furthermore, although we did not observe ceiling effects in the S1 image
recognition task, variation in task performance was relatively low; participants
performed very well in the image recognition task. This may have made detecting
an interaction effect between hunger and image type on recognition performance
more difficult. Therefore, in S2, we made the image recognition task harder by
doubling the number of images from 30 (15 food, 15 non-food) to 60 (30 food, 30
non-food). We also split up the image recognition and price recall tasks, as
keeping the encoding sequence for both images and prices combined in S2
would have made the price recall task too difficult and risked creating floor
effects. Although this reduced the comparability of tasks between S1 and S2, it
improved the comparability with existing literature (Morris & Dolan, 2001;
Thieleking et al., 2023). Interestingly, the results of these two studies show
conflicting support for a hunger-related enhancement of food memory in a yes/no
image recognition task. However, our results align with those of Thieleking et al.
(2023) rather than the effect reported originally by Morris and Dolan (2001).

Additionally, in S2, we matched the prices of food and non-food items (see
Appendix C.2) to the best of our ability whilst maintaining ecological validity. We
did this to overcome any potential impact that value may have on improved

memorability of an item (Villasefior et al., 2021).

4.5.5 State of Current Evidence

Given the current state of evidence exploring memory enhancements for food
stimuli when hungry is mixed, implications for our hypotheses are unclear. The
present studies (and Thieleking et al. (2023), whose results correspond to our
own) have larger sample sizes than those that report evidence of an effect
(Montagrin et al., 2021; Morris & Dolan, 2001; Talmi et al., 2013).

We and Thieleking et al. (2023) also use images from the food-pics database
(Blechert et al., 2014), a resource of images intended for use in experimental
research on appetite. In contrast, Talmi et al. (2013) and Montagrin et al. (2021)
created their own image sets. Experiments with image stimuli can be highly
sensitive to image composition (e.g., Knebel et al., 2008), which may explain
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some of the discrepancies in our findings. Furthermore, the recognition task
response modality of our studies and Thieleking et al. (2023) (i.e., yes/no image
recognition) is most similar to that of Morris and Dolan (2001). However, Morris
and Dolan (2001) had a particularly small sample size (N = 10), increasing the
likelihood that their results were spurious (although we cannot directly compare
our sample sizes in S1 (N = 91) and S2 (N = 102) to Morris and Dolan (2001)
because their study used a crossover design). As previously mentioned, in the
image recognition tasks reported by Talmi et al. (2013) and Montagrin et al.
(2021), an interaction effect was only found between hunger condition and item
interaction when participants responded using written free recall (note, in
Montagrin et al. (2021), the authors report a “marginally significant interaction
between hunger condition and item type” in a forced-choice image recognition
task, but with p = .06). It is likely that the two different response modalities we
have described (yes/no image recognition and free recall) require different
memory processes (familiarity and recollection, respectively; Yonelinas, 2001).
We may see differences in our outcomes because of this if hunger only impacts

specific components of memory for food stimuli.

To summarise, the larger sample sizes, image sets, and image recognition
response modality used in the present studies and Thieleking et al. (2023)
highlight the need to consider and investigate whether previous results could be
(i) false positives, (ii) confounded by stimuli selection, or (iii) a product of their
task response modality. We suspect that a critical driver in the differences in
results we have observed here is response modality. However, if hunger does, in
fact, improve the memory of food stimuli, the mixed evidence suggests the effect
is highly sensitive to deviations in study design and may not be easily replicated.
Thus, the effect may only have minimal significance to and impact on real-world

food decision-making.
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4.6 Conclusion

We did not find a relationship between hunger and food-related memory in the
present studies. While our findings align with those of Thieleking et al. (2023),
they contrast with findings from other studies in the area (Montagrin et al., 2021;
Morris & Dolan, 2001; Talmi et al., 2013). This may be due to methodological
limitations in the studies presented and discussed here. However, it may also
suggest that if humans experience hunger-driven enhancements for food
recognition, this effect may not be as robust or generalisable as previous
evidence might imply. We propose that further attempts be made to characterise
the effect we have attempted to reproduce in this paper. Using better controls in
the hunger manipulation (e.g., controlled feeding), employing within-subjects
designs, counterbalancing the order of hungry and sated sessions, testing
different recognition task response modalities, and matching participants based

on BMI would strengthen future studies.
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Chapter 5 Summary, Implications and Future Research

5.1 Thesis Summary

The previous chapters have explored the experience of hunger under conditions
of FI and how hunger may impact dietary cognition. Chapter 2 showed that
females experiencing Fl have higher variation in daily mean hunger and hunger
variation across days than those experiencing FS. However, there was no
difference between groups in average hunger or hunger variation within a day.
These novel results suggest that the experience of hunger differs more day-to-
day under conditions of FI than FS, yet the total amount of hunger within a single
day does not significantly differ. Furthermore, exploratory analyses suggest that
the timing of hunger throughout the day may be different between the groups.
Greater variation in hunger experiences between days likely reflects greater
environmental uncertainty in food availability in the lives of those experiencing Fl

compared to those with FS.

Chapters 3 and 4 tested the hypothesis that hunger is associated with improved
cognitive processing of food stimuli and information relevant to food acquisition.
Chapter 3 comprised two conceptual replications of a study which used an
Emotional Blink of Attention paradigm and an experimental hunger manipulation
to show that hunger increases the perception of food cues via an attentional
mechanism (Piech et al., 2010). However, | did not find evidence to support the
effect reported by PPZ in either of the replications. While the failure to replicate
the effect may reflect discrepancies in demographics or methods, it raises
questions about the replicability of the effect and the suitability of the EBA

paradigm for experimental designs such as those described in Chapter 3.

Chapter 4 was inspired by several papers which found that hunger improved
memory of food images relative to non-food images (Montagrin et al., 2021,
Morris & Dolan, 2001; Talmi et al., 2013). In Chapter 4, | aimed to replicate and
extend their findings by investigating whether the effect extended to information
ecologically relevant to food acquisition (i.e., price). | presented two studies, each
comprising an image recognition and price recall task with food and non-food
stimuli. Study 1 used a continuous measure of hunger, whereas Study 2 used a

between-subjects experimental manipulation of hunger. There was no evidence
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of an effect of hunger on task performance with food stimuli in either of the
studies, on either the image recognition or the price recall task. These results
suggest that the positive effect of hunger on food-related memory may not be as
robust or generalisable as previously implied, as it appears sensitive to deviations
in the response modality of the task. As such, the effect of hunger on the memory
of food may have limited impacts on dietary decision-making in real-world

settings at most, but it may not have an impact at all.

5.2 Implications of Findings

As outlined in Chapter 1, the aims of this thesis were to (i) quantitatively describe
and compare the experience of hunger in women with and without FI and (ii)
investigate the effect of hunger on food-related cognition. The implications of the
findings from each specific study are discussed in their relevant chapters. Here, |
first consider additional implications that go beyond the scope of the paper
presented in Chapter 2. Then, | tie the results of Chapters 3 and 4 together to
examine what their null results mean for the hypothesis that hunger leads to the
improved processing of food-related stimuli. Finally, I consider the implications of

Chapters 2-4 together.

5.2.1 Implications of Chapter 2

The results in Chapter 2 provide new insights into the experience of hunger under
conditions of FI in females. Females with FI and FS seem to differ in their
experiences of hunger across days but not in the total amount of hunger
experienced in the day. These findings suggest that the uncertainty and instability
of FI are detectable in the hunger profile of individuals experiencing FlI and
highlight the importance of the temporal scale (e.g., day or week) at which hunger
is analysed in Fl. Considering the temporal scale of analysis may also be relevant
to studying other variables that fluctuate throughout the day. For example, Fl is
associated with higher levels of perceived stress (Chiu et al., 2024). The results
in Chapter 2 suggest that if one is interested in how the uncertainty and instability
of FI impact perceived stress, it would be beneficial to assess both within- and
between-day variables of perceived stress. Only assessing within-day variables
of perceived stress may omit important insights relevant to how the
environmental uncertainty of Fl affects perceived stress through time. Thus,
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future research considering the psychological and physiological impacts of FlI
should analyse variables at different temporal scales to comprehensively capture
the effects of FI over time. | collected data on perceived stress in Chapter 2 but
did not present them as they were beyond the scope of the thesis, and they were
not included in the manuscript submitted for peer review. However, | intend to

conduct the analyses | have described here (see 5.4 Future Directions).

While the results in Chapter 2 do not provide any direct implications for policy,
they contribute to a growing body of literature across several areas of research
that suggest policymakers should minimise the uncertainty people face to
improve public health. For example, stress responses are tuned to environmental
uncertainty, and experiencing uncertainty in everyday life increases allostatic load
and leads to negative health outcomes (de Berker et al., 2016; Peters et al.,
2017). Furthermore, uncertainty or volatility in income is also detrimental to
health, particularly for those with low incomes (Akanni et al., 2022). While the
ultimate goal of policy should be to eradicate Fl altogether, Fl is likely to persist in
the near future as additional drivers of Fl begin to exert their influence. Current
predictions about the impact of climate change on food systems security support
that Fl is likely to be more widespread in the coming years due to increased food
prices (Abdallah et al., 2021; Dasgupta & Robinson, 2022). Even if we were to
resolve FI through policy change now, the same policies are unlikely to be
effective against FI that is driven by disruptions to food systems caused by
climate change. In the UK, the increases in FI that have occurred since 2020
have been predominantly driven by the COVID-19 pandemic, energy price
increase and the cost-of-living crisis (FAO, 2023; The Food Foundation, 2024).
As the root of the problem is different, policies that would reduce current FI
prevalence would likely be ineffective in tackling increased Fl prevalence caused

by reduced food systems security.

Therefore, it is necessary to also develop evidence-based policies which mitigate
the negative health impacts of FI and prevent the further exacerbation of health
inequalities with increasing Fl prevalence. To do this, future research must focus
on establishing causal pathways between FI and negative health outcomes.
Doing so will evidence the need for policy change and provide insight into which

policies are more likely to be beneficial. As discussed in Chapter 2, to achieve
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these goals, future research should investigate the relationships between
psychological (e.g., hunger, perceived stress), behavioural (e.g., eating
behaviour, physical activity), and physiological (e.g., blood glucose, energy
expenditure) components of Fl. The results of Chapter 2 highlight the need to
consider variability and uncertainty in experience as causal drivers of health
outcomes both within and between individuals and not just the average level of

experience.

5.2.2 Implications of Chapters 3 and 4

In Chapters 3 and 4, hunger did not affect food-related attention or memory,
respectively. Therefore, the results presented in this thesis do not support the
hypothesis that hunger leads to the improved processing of food-related stimuli.
Such findings are contrary to much of the published research in the area (e.qg.,
Davidson et al., 2018; Montagrin et al., 2021; Morris & Dolan, 2001; Piech et al.,
2010; Talmi et al., 2013; with few exceptions, e.g., Arumée et al., 2019;
Thieleking et al., 2023). | have considered potential reasons for this in detail in
Chapters 3 and 4. Here, | will briefly discuss these null results within the broader

research landscape of hunger and food-related cognition.

It is possible that other researchers have attempted similar studies to those in
Chapters 3 and 4 but have not published their results if they were null.
Publication bias against null results has been well-documented in the
psychological sciences (e.g., Ferguson & Brannick, 2012), and this may inhibit
progress in understanding the relationship between hunger and food-related
cognition if results are often null, as in this thesis. If null results are produced and
not published, predictions, study designs and research questions cannot be
accordingly updated to reflect new understanding. It is for this reason that | have

published (or submitted for publication) all of my null results.

Additionally, researcher biases for citing positive results may hinder advances in
the research area. For example, since publication, Chapter 3 (Neal et al., 2023)
has not been cited, while the original PPZ paper has been cited eight times in the
same time frame (Scopus, 2024). This is despite the fact that PPZ is only
accessible to journal subscription holders while Neal et al. (2023) is open access.

These differences in citations are likely due to timing (i.e., citing authors may not

97



have read Neal et al. (2023) before writing their manuscripts). Yet, it is worth
noting that if this pattern does not change in the coming years, it could suggest
that there is a selection bias for which evidence researchers choose to cite in
their manuscripts. While these behaviours may not be intentional, they limit the
progression of research by overinflating the coverage of results which have been
shown to have questionable reproducibility; this may also contribute to increased
perceived credibility of the research. As a result, researchers designing new
studies may be more likely to attempt to use the methods or build upon the
findings of research that may not be robust, often producing null results which
have a lower probability of publication. Thus, we should be conscious and
cautious of these potential biases in research investigating the effects of hunger
on food-related cognition and continue to pursue replications before extending

previous research.

5.2.3 Overall Implications of Thesis

In Chapter 1, | outlined the rationale for the combination of studies presented in
this thesis. | argued that if hunger alters the processing of food and food-related
information, it may impact dietary decision-making, particularly in a modern food
environment where exposure to and availability of food is very high. If hunger
impacts dietary decision-making in a way which leads to reductions in diet quality,
then these changes are likely to be maladaptive for weight status and health.
Thus, if hunger is experienced differently under conditions of FI, then those
experiencing FI may be disproportionately vulnerable to the health consequences

of hunger-driven alterations in dietary decision-making.

When considering my rationale for the body of work in this thesis, it is difficult to
cohesively interpret the implications of the null results of Chapters 3 and 4 with
the results of Chapter 2. It is particularly challenging because, as | have pointed
out in Chapters 3 and 4, the null results may be down to methodological
limitations. However, as | argued in Chapter 4, if hunger effects on dietary
cognition are sensitive to minor changes in study design, then their real-world
impact on dietary decision-making via alterations in the cognitive processing of
food may be negligible. If their real-world impact is negligible, differences in
eating behaviour and dietary decision-making in conditions of Fl are unlikely to be

due to different cognitive processing of food stimuli driven by the shifts in the
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experience of hunger. In 5.4 Future Directions below, | discuss how future
research might investigate the mechanisms driving differential outcomes in

weight status in FS and FI.

5.3 Reflections

As | have extensively discussed the strengths and limitations of each study at the
end of each chapter, this information will not be repeated here. Instead, | will
discuss the challenges | have encountered while completing my doctoral studies,
as | believe these reflect the strengths and limitations of this thesis as a whole as

opposed to its component parts.

5.3.1 Replication, Null Results and Open Research Practices

As previously mentioned, the chapter presentation order in this thesis does not
reflect the chronological order in which the studies were conducted. | began my
doctoral studies by aiming to replicate the findings of PPZ in as close a
replication as possible, circumstances permitting. | chose this paper specifically
as | wanted to begin by investigating the effect of hunger on attention for food
rather than memory for reasons described earlier (1.3 Thesis Outline).
Furthermore, the decision to replicate PPZ’'s methods — rather than extend them
— was guided by concerns shared between me, my supervisory team and the
broader research community regarding psychology’s reproducibility crisis (Open
Science Collaboration, 2015). We believed it was appropriate and just to begin
my doctoral research programme by attempting to replicate an effect that had
been previously reported but not reproduced.

| contacted PPZ to gather methodological information about the original study, as
key experimental details were missing from their paper, and to request the stimuli
sets they had used. | also uploaded a comprehensive pre-registration of my
protocol and predictions to ensure there was an audit trail of my approach. When
E1 did not support the findings of PPZ, | recognised the value of working with the
original authors and pre-registering ahead of data collection despite the delays
that were associated with doing so. Taking these actions increased the credibility
of the null result of E1, which became even more pertinent in light of the second
null result of E2. Engaging in open research practices in Chapter 3 made me

more inclined to do so when | conducted S2 in Chapter 4, as | had firsthand
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experience of the benefits of pre-registration. When Chapter 4 also produced null
results despite meticulous planning and pre-registration, | was grateful I, again,
had a public record of research intentions for the purposes of credibility and
publishability. | am determined to publish the null results in Chapter 4 in a peer-
reviewed journal (as | have with Chapter 3) so that others can build upon my
work and minimise my contribution to publication bias and the ‘file-drawer

problem’.

Producing a series of null results during my doctoral studies has, at times, been
extremely challenging, but it has taught me much about the scientific process and
the need for replication and transparency in research. Having pre-registrations
that accompany null results has given me more confidence in the results despite
the outcome. Furthermore, when | have deviated from pre-registered analyses, |
have been required to justify my reasons for doing so because | previously
committed to something different; 1 now believe this to be a gold standard in
scientific practice as it promotes a culture of transparency without penalty. | have
found that the very act of pre-registering has encouraged me to be more
thoughtful and deliberate at every step of the research process because | must
justify why | have made each decision at some stage, whether it be in the pre-
registration itself or explaining why | deviated from a pre-registered plan in a
manuscript. Additionally, planning analyses before having a dataset to work with
has made me more proficient in handling and analysing data than | would have
otherwise been. It has also trained me to narrow my focus when designing a
study so that | only collect data critical to the key variables of interest without
getting distracted by the opportunity to collect peripheral, secondary measures.
Focussing on fewer variables reduces the potential opportunity for p hacking and
prevents rushing data collection to record a series of measurements, rather than
giving each measure the time required to ensure high data quality. Overall, my
engagement with open research practices has convinced me that they are the
route to increasing scientific rigour and reproducibility in the psychological
sciences and an excellent framework for training early career researchers to

conduct high-quality research.
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5.3.2 Statistical Approach

| used a combination of frequentist and Bayesian statistical approaches to
analyse data during my doctoral studies. In Chapter 2, | was concerned with
describing patterns in the data rather than testing a hypothesis. | used frequentist
methods to do this and established a sample size based on a similar study. In
Chapters 3 and 4, | tested hypotheses about particular effects without any idea of
what the effect sizes might be, meaning a sample size based on an a priori power
calculation would be unsuitable. Using a Bayesian approach enabled me to
monitor the strength of supporting evidence for the null or alternative hypotheses
during data collection without inflating the rate of false positives. Doing so meant
that | did not need to pre-specify a sample size and run the risk of the studies
being underpowered. It also meant that | did not collect surplus data to address
my research question, which could be argued to be unethical. Instead, | pre-
registered the Bayesian stopping rules that | would use to determine when | had
collected enough data to confidently support the null or alternative hypothesis.

Furthermore, | used different Bayesian inferential statistics to support or reject
hypotheses in Chapters 3 (Bayes factors) and 4 (pd and ROPE). | changed my
approach after learning that, for small effect sizes or modest sample sizes, BFs
may swing from inconclusive or supporting the null to decidedly supporting the
alternative hypothesis as the amount of data supporting the alternative
hypothesis increases (Huisman, 2023). In practice, if one uses a Bayesian
stopping rule based on the BF, such instability of the BF could mean that data
collection is prematurely stopped if the BF (incorrectly) indicates support for the
null in line with one’s pre-determined stopping rule. In my experience analysing
the data presented in Chapter 4, | found that conclusions drawn from the BFs
often did not agree with conclusions drawn from other Bayesian inferential
statistics (pd and ROPE), which describe the likelihood of effect existence and
significance. | found that when the pd and ROPE supported the presence of an
effect, the BF was inconclusive or null. Given these experiences and
recommendations from other researchers (Makowski et al., 2019a; Makowski et
al., 2019b), | used the pd and ROPE to infer support for my hypotheses in
Chapter 4. As Chapter 3 was already published at this stage of my learning and
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reasoning, Chapter 3 retains its analyses using BFs. It is also worth noting that |
did not experience these same issues with BFs in Chapter 3.

| recognise that switching between statistical approaches within a thesis is
unusual, particularly given the fundamental differences in the ideas underpinning
frequentist and Bayesian statistics (for example, frequentist approaches assign
probabilities to observing data under a null hypothesis, whereas Bayesian
approaches assign probabilities to hypotheses given the data). However, | chose
the most appropriate analytical method based on each study’s context and
predictions, which | consider better scientific practice than strictly following one

approach in the name of consistency across studies.

5.3.3 Methodological Skills Development

The EMA study presented in Chapter 2 was the last study | conducted during my
doctoral studies. It allowed me to develop additional skills that have significantly
contributed to my growth as an independent researcher. Firstly, | recruited
participants through external partners (e.g., schools and community
organisations) for the first time. Secondly, | was recruiting participants who were
likely to be financially vulnerable as | was recruiting people experiencing Fl. The
combination of these factors meant | had to develop trusting, productive working
relationships with the partner organisations so that they felt comfortable enough
to advertise the study opportunity to their parents or patrons who may be
vulnerable. It also meant | had to be conscious of sensitivity when designing the
study and materials so that participants did not feel stigmatised by the study or
while participating. The EMA study also allowed me to develop expertise in
running large, remote, longitudinal studies using highly intensive data collection
techniques; these skills have already proven beneficial to my future career
development, as others conducting similar research have sought my advice.
Having such a rich dataset has encouraged me to learn more about longitudinal
data analysis, and | will be developing these skills further as the next steps I plan
to take with the Chapter 2 dataset require me to use more complex analytical

methods.
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5.4 Future Directions

The null results presented in Chapters 3 and 4 were unexpected. For Chapter 3,
there is likely little to be gained from further replication of Piech et al. (2010) in
light of the issues with the EBA paradigm reported by Santacroce et al. (2023).
However, it may be beneficial to conduct and replicate studies with similar
experimental designs but instead use better-established attentional bias tasks,
such as simpler attentional blink tasks (e.g. Ballestero-Arnau et al., 2021), to
understand if hunger impacts attention for food and the extent the effect has on
dietary decision-making. For Chapter 4, there are improvements to be made to
the study designs of Study 1 and Study 2 before one can confidently support the
null hypothesis (that hunger does not improve food-related memory). To address
this, | have designed a within-subjects study with controlled feeding which
otherwise uses a similar protocol to Study 2 in Chapter 4. The time constraints of
my doctoral studies did not allow for this study to be conducted and included in
this thesis. Studying the effect of hunger on food memory within subjects and
standardising feeding before the experiment should remove noise in the data
related to these factors, making the effect easier to observe if it is, in fact,
present. | also hope to explore how response modality in an image recognition
task impacts (as discussed in 4.5.1 Image Recognition) performance with food
items when participants are hungry to understand if this dictates whether an

effect of hunger on food image recognition is observed.

Lastly, as | have previously discussed, the causal mechanisms underlying the
association between obesity and food insecurity in females are currently poorly
understood (Bateson & Pepper, 2023). Furthermore, Fl is associated with
increased levels of perceived stress, which in turn is linked to negative health
outcomes (Chiu et al., 2024; Peters et al., 2017). Thus, my next step is to use the
data | have on perceived stress from the study in Chapter 2 to explore temporal
differences in stress and stress variation in Fl. | plan to develop methods to
analyse the longitudinal relationship between hunger and stress over the course
of a day and a week, as evidence suggests that increased hunger leads to
increased stress, particularly in individuals with FlI (Dzubur et al., 2022).
Ultimately, | hope to establish whether the hunger-stress relationship differs

between the conditions of Fl and FS.
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Moving forward in my research career, my goal is to continue investigating the
links between food insecurity and health. | am particularly interested in exploring
how the uncertainty of food access and temporal variability of eating behaviour
impacts adiposity and trying to unpick the mechanisms which lead to sex
differences in weight status under conditions of Fl. To establish the causal
pathways that link FI and obesity, it is critical to study biological, psychological
and behavioural components of FlI longitudinally rather than cross-sectionally.
The results of this thesis support that we need to consider and investigate the
influence that the uncertainty of experience and the environment have on health
in Fl. Doing so will provide the evidence required for effective policy change to

overcome the growing public health challenge that FI presents.
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Appendices

A Chapter 2 Supplementary Materials

A.1 Summary of Deviations From Pre-registered Protocol and Analysis

A summary of our deviations from our preregistered protocol and analyses.

Pre-registered action

Deviation

Recruit participants from parent populations of
schools where over 40% of the school’s pupils
have been eligible for free school meals
(FSM) at any time during the past six years.

Match FI individuals to FS individuals based
on their age, BMI and the school they were
recruited from after participants expressed
taking part in the study.

Use Bayesian statistical methods to analyse
the data.

Significant recruitment challenges meant that
we could not reach our target sample size via
schools alone, so we also used target social
media advertising to recruit participants.

It was not possible or practical to achieve this
matching while also reaching our target
sample size. Therefore, we dropped our
matching procedure to prioritise our
recruitment aims.

We used equivalent frequentist methods
instead for ease of implementation and
understanding.

A.2 The Perceived Stress Scale Measure Included at Each Momentary
Assessment

During the EMA period, we asked participants: “How stressed do you feel right
now?”, “Do you feel that you can cope with things right now?” and “Do you feel
that you're on top of things right now?”. They responded using a VAS anchored at
0 (“Not at all’) and 100 (“Very much”). These questions constitute the Perceived

Stress Scale adapted for momentary use by Reichenberger et al. (2020).
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A.3 Results from Principal Component Analysis of Daily Momentary Hunger
Scale Summary Statistics

In our pilot dataset, we derived several statistics summarising daily hunger from
our dataset and found strong correlations between variables. Therefore, we pre-
registered to repeat this analysis with our full dataset to ensure we use

appropriate hunger measures.

To do this, we ran a principal component analysis with seven daily hunger
summary statistics: mean, median, area under curve (AUC), standard deviation,
range, minimum and maximum. This resulted in two principal components (PC).
Daily average hunger (PC1) was strongly loaded by the mean (0.96), median
(0.94), and AUC (0.95). Variation in daily hunger (PC2) was strongly loaded by
the SD (0.97) and the range (0.99). Because of these strong associations, we
opted to use daily mean hunger rating and daily SD of hunger rating instead of
PC1 and PC2, respectively, as these were the most intuitive options for ease of
interpreting results.
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A.4 Within- and Between-Day Hunger in High and Moderate Fl and FS
A B

Within-day mean
Within-day (corrected) SD

FS mFI hFI

*%*

Between-day variation in mean

Between-day variation in (corrected) SD O

FS mFl hFI

Within-day (A, B) and between-day (C, D) measures of hunger in high FI (hFlI),
moderate FI (mFI) and FS groups.

Note. Error bars indicate one standard error of the mean. **significance of p <.01.
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A.5 Mean Hunger in Fl and FS Groups At Each Assessment
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Mean hunger scale rating in Fl and FS groups at each momentary assessment.

Note. Error bars indicate one standard error of the mean for momentary assessments.
N =22,179.
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B Chapter 3 Supplementary Materials

B.1 Dietary Restraint and Accuracy in Lag2 Food Trials in the Hungry Condition

Relationship between dietary restraint and accuracy in lag2 trials with food distractor images in the hungry condition (E1, E2, PPZ).

Bayesian analyses Frequentist analyses
PPZ El E2 E1l E2

Mean dietary restraint scale score (SD) and classification

Medium restraint High restraint High restraint - -
12.9 (4.9) 24.0 (8.5) 24.2 (7.8)

Linear regression output

Not significant Evidence for null Evidence for null Not significant Not significant
p=.192 BF =0.029 BF =0.032 p=.76 p=.69
r=-.29 r=.08 r=.12

median = 0.08, median = 0.11,

89% CI [-0.48, 0.66], pd = 62.18% 89% CI [-0.50, 0.69], pd = 64.95%

Note. The dependent variable is the score on the dietary restraint scale as used in Herman and Polivy (1975) and Herman et al. (1978).
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B.2 Structure of Models In Chapter 3

Structure of models used to analyse practice effect, all trials, lag2 trials and lag8

trials.

Analysis

Model

Practice effect
All trials
Lag2 trials

Lags8 trials

accuracy (all trials) ~ session + (1|participant)
accuracy (all trials) ~ lag*state*category*sequence + (1|participant)
accuracy (lag? trials) ~ state*category*sequence + (1|participant)

accuracy (lag8 trials) ~ state*category*sequence + (1|participant)
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B.3 Frequentist Replication of Results

Frequentist replication of results presented in the main text (E1, E2, PPZ).

PPZ El E2

Hunger manipulation check*

Significant Significant Significant
p < .0005 p <.0001 p <.0001
t(22) = 10.9 t(28) = 26.18 t(27) = 17.73
Blink of attention check**

Significant Significant Significant
p <.0005 p <.0001 p <.0001

F(1,21) = 130.1

Practice effect check**

Significant
p =.001
F(1,22)=15.3

Replication of main findings (P1)**

Significant
p=.03
F(2,21)=3.8

Replication of main findings (P2)**

Not significant
Not reported

F(1, 27) = 23.61

Significant
p<.01
F(1, 28) = 8.18

Not significant
p=.81
F(2,54) =0.21

Not significant
p=.06
F(2,54)=3.01

F(1, 26) = 36.94

Significant
p<.01
F(1, 27) = 12.27

Not significant
p=.88
F(2,52) =0.13

Not significant
p=.53
F(2,52) = 0.65

Note. The dependent variables are *hunger rating (0-7) and **accuracy (%).
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B.4 Accuracy Differences Between Lags for Each Distractor Category

All trials: Bayesian and frequentist t-tests assessing accuracy differences between lags for each distractor category (E1, E2, PPZ).

Original study

Bayesian analyses

Frequentist analyses

PPZ E1 E2 E1 E2
Neutral lag2 vs. neutral lag8
Significant Evidence for effect Evidence for effect Significant Significant
All ps < .0005 BF > 100 BF =22.00 p <.001 p<.01
Allts > 4.5 t(28) = -4.47 t(27) = -3.50
difference: median = 6.88, difference: median = 6.08,
89% ClI [4.23, 9.60], pd = 99.98% 89% CI [2.88, 8.91], pd = 99.88%
Romantic lag2 vs. romantic lag8
Significant Evidence for effect Evidence for effect Significant Not significant
As above BF > 100 BF > 100 p <.0001 p <.0001
t(28) = -4.55 t(27) =-4.82
difference: median = 7.52, difference: median = 6.60,
89% CI [4.39, 10.19], pd = 100% 89% CI [4.27, 8.95], pd = 100%
Food lag2 vs. food lag8
Significant Evidence for effect Evidence for effect Significant Significant
As above BF = 14.80 BF > 100 p<.01 p <.0001
t(28) = -3.32 t(27) =-4.76

difference: median = 5.11,
89% CI [2.41, 7.98], pd = 99.78%

difference: median = 7.64,
89% CI [4.78, 10.37], pd = 100%

Note. The dependent variable is accuracy (%).
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B.5 Lag?2 Trials: Effects of Category, State, and State-Sequence and Category-State-Sequence Interactions

Lag2 trials: Bayesian and frequentist analyses of the main effects of category and state, and state-sequence and category-state-

sequence interaction effects, on accuracy (E1, E2, PPZ).

Original study

Bayesian analyses

Frequentist analyses

PPZ El E2 El E2
Main effect of category
Significant Evidence for effect Evidence for effect Significant Significant
p =.001 BF = 66.77 BF = 37.76 p <.001 p<.01
F(1,21)=11.4 romantic: median = 4.91, romantic: median = 6.14, F(2,54)=9.56 F(2,52)=5.38
89% CI [2.81, 6.98], pd = 99.98% 89% CI [3.52, 8.60], pd = 99.98%
food: median = 4.47, food: median = 3.50,
89% CI [2.32, 6.53], pd = 99.92% 89% CI [0.83, 5.87], pd = 98.35%
Main effect of state
Significant Inconclusive Inconclusive Significant Not significant
p =.009 BF =2.52 BF =0.16 p=.02 p=.39
F(1, 21)=8.3 sated: median = 2.70, sated: median = - 0.52, F(1,27)=5.96 F(1, 26)=0.77
89% CI [0.93, 4.37], pd = 99.08% 89% CI [-2.72, 1.55], pd = 65.72%
State-sequence interaction*
Significant Inconclusive Inconclusive Not significant  Significant
p < .0005 BF =1.45 BF =4.89 p =.07 p<.01
F(1,21)=31.2 satedfirst:sated: median = -4.02, satedfirst:sated: median = -6.18, F(1,27)=3.52 F(1,26)=8.32
89% CI [-7.09, -0.47], pd = 97.32% 89% CI [-10.35, -2.24], pd = 99.22%
Category-state-sequence interaction
Significant Inconclusive Inconclusive Not significant Not significant
p =.011 BF =0.81 BF =0.24 p=.11 p=.93
F(2,21)=5.0 satedfirst:sated:romantic: median = 6.77,  satedfirst:sated:romantic: median = -6.18, | F(2, 54) = 2.29 F(2,52) = 0.07

89% CI [0.40, 13.69], pd = 94.35%
satedfirst:sated:food: median = -0.18,
89% CI [-6.77, 6.47], pd = 51.92%

89% CI [-10.35, -2.24], pd = 99.22%
satedfirst:sated:food: median = -0.08,
89% CI [-7.60, 7.81], pd = 50.68%

Note. The dependent variable is accuracy (%).

presence and extent of a practice effect between sessions was dependent on which session a participant completed first.
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B.6 Lag2 Trials: Accuracy Differences Between Distracter Categories

Lag? trials: Bayesian and frequentist t-tests assessing accuracy differences between distractor categories (E1, E2, PPZ).

Original study

Bayesian analyses

Frequentist analyses

PPZ El E2 El E2

Neutral vs. romantic*

Significant Evidence for effect Evidence for effect Significant Significant

p < .0005 BF > 100 BF = 35.72 p <.0001 p <.0001

t(22) = 4.5 t(28) = -4.59 t(27) =-3.71
difference: median = 4.77, difference: median = 5.86,
89% CI [1.78, 6.48], pd = 99.98% 89% CI [2.97, 8.42], pd = 99.90%

Neutral vs. food

Not reported Inconclusive Inconclusive Significant Not significant
BF =9.27 BF =0.62 p<.01 p=.123

t(28) =-3.10 t(27) =-1.59

Romantic vs. food

Significant
p =.009
t(22) = 3.9

difference: median = 4.29,

89% CI [1.78, 6.48], pd = 99.80%
Inconclusive
BF =0.21

difference: median = 0.42,
89% CI [-1.82, 2.25], pd = 63.18 %

difference: median = 3.25,
89% CI [0.05,6.96], pd = 94.30%

Inconclusive
BF =0.70

difference: median = 2.36,
89% CI[0.17, 5.12], pd = 94.10%

Not significant
p=.745
t(28) = -0.33

Not significant
p=.103
t(27) = -1.67

Note. The dependent variable is accuracy (%). *In PPZ, accuracy was greater in lag2 trials with neutral distractors than with romantic distractors. In E1 and
E2, this effect was in the opposite direction.
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B.7 Lag8 Trials: Effects of Category, State, and State-Sequence and Category-State-Sequence Interactions

Lag8 trials: Bayesian and frequentist analyses of main effects of category and state, and a state-sequence interaction effect, on
accuracy (E1, E2, PP2).

Original study Bayesian analyses Frequentist analyses
PPZ El E2 El E2

Main effect of category

Significant Evidence for effect Evidence for effect Significant Significant
p <.0005 BF > 1000 BF > 1000 p <.0001 p <.0001
F(2,21)=34.7 F(2,54) =14.40 F(2,52) =24.13
romantic: median = 5.61, romantic: median = 6.70,
89% CI [3.73, 7.36], pd = 100% 89% CI [5.01, 8.34], pd = 100%
food: median = 2.76, food: median = 5.13,

89% CI [1.06, 4.55], pd = 99.12% 89% CI [3.49, 6.84], pd = 100%

Main effect of state

Not significant Inconclusive Inconclusive Not significant Not significant
BF =0.13 BF =0.17 p=.41 p=.55
F(1,27)=0.71 F(1, 26) = 0.38
sated: median = 0.80, sated: median = 1.01,

89% CI [-0.70, 2.31], pd = 80.08% 89% CI [-0.50, 2.52], pd = 85.85%

State-sequence interaction*

Significant Evidence for effect Inconclusive Significant Significant

p =.026 BF =58.10 BF =7.33 p<.01 p <.05

F(1,21)=5.7 F(1, 27) = 8.67 F(1, 26) = 5.73
satedfirst:sated: median = -6.10, satedfirst:sated: median = -4.81,

89% CI [-9.02, -3.34], pd = 99.92%  89% CI [-7.50, -1.89], pd = 99.60%

Note. The dependent variable is accuracy (%). *“Sequence” describes whether a participant did their hungry or sated session first. PPZ suggested that the
presence and extent of a practice effect between sessions was dependent on which session a participant completed first.
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B.8 Lag8 Trials: Accuracy differences between distracter categories

Lag8 trials: Bayesian and frequentist t-tests assessing accuracy differences between distractor categories (E1, E2, PPZ).

Original study

Bayesian analyses

Frequentist analyses

PPZ El E2 El E2
Neutral vs. romantic*
Significant Evidence for effect Evidence for effect Significant Significant
p <.0005 BF > 100 BF > 1000 p <.0001 p <.0001
ts not reported t(28) = -4.73 t(27) =-7.31
difference: median = 5.39, difference: median = 6.58,
89% CI [3.59, 7.49], pd = 99.98% 89% CI [5.04, 8.22], pd = 100%
Neutral vs. food
Not reported Inconclusive Evidence for effect Significant Significant
Described as being ‘at an BF = 3.57 BF > 100 p <.05 p <.001
equivalent level’. t(28) = -2.64 t(27) = -4.37
difference: median = 2.25, difference: median = 4.29,
89% CI [0.81, 4.21], pd = 99.05% 89% CI [2.88,6.82], pd = 100%
Romantic vs. food
Significant Evidence for effect Inconclusive Significant Not significant
p <.0005 BF =15 BF =0.70 p<.01 p=.103
ts not reported t(28) =-3.34 t(27) =-1.69

difference: median = 2.64,
89% CI [1.39, 4.13], pd = 99.75%

difference: median = 1.43,
89% CI [0.03, 2.92], pd = 94.12%

Note. The dependent variable is accuracy (%). *In PPZ, accuracy was greater in lag8 trials with neutral distractors than with romantic distractors. In E1 and
E2, this effect was in the same direction.
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B.9 All Trials: Lag-Category Interaction Effect on Accuracy

All trials: Bayesian and frequentist analyses of the lag-category interaction effect on accuracy (E1, E2, PPZ).

Original study
PPZ

Bayesian analyses
El

E2

Frequentist analyses
El

E2

Lag-category interaction

Significant
p < .0005
F(2,21)=38.1

Evidence for null
BF =0.07

lag8:romantic: median = 0.95,
89% CI [-1.98, 4.06], pd = 68.92%

lag8:food: median = -1.48,
89% CI [-4.70, 1.40], pd = 77.78%

Evidence for null
BF = 0.05

lag8:romantic: median = 0.70,
89% CI [-2.45, 3.80], pd = 63.55%

lag8:food: median = 1.77,
89% ClI [-1.45, 4.93],pd = 80.25%

Not significant
p=.29
F(2,54) = 1.27

Not significant
p=.71
F(2,52) =0.35

Note. The dependent variable is accuracy (%).
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B.10 Lag?2 Trials: Effect of Food Type and Food Type-State Interaction on Accuracy

Lag2 trials: Bayesian and frequentist analyses of the main effect of food type (sweet or savoury) and the interaction effect of food

type-state on accuracy (E1, E2).

Bayesian analyses
El

E2

Frequentist analyses
El

E2

Main effect of food type
Evidence for null
BF =0.10

sweet: median = -0.06,
89% CI [-0.78, 0.65], pd = 55.50%

Interaction effect food type:state
Evidence for null
BF =0.01

sweet:sated: median = 0.13,
89% CI [-1.02, 1.00], pd = 50.15%

Inconclusive
BF =0.24

sweet: median = 0.45,
89% CI [-0.76, 0.72], pd = 50.35%

Evidence for null
BF =0.02

sweet:sated: median = -0.05,
89% CI [-1.09, 1.02], pd = 53.10%

Not significant
p=.43
F(1, 28) = 0.64

Not significant
p=.58
F(1,28) =0.31

Not significant
p=.94
F(1, 28) = 0.01

Not significant
p=.22
F(1, 28) = 1.60

Note. The dependent variable is accuracy (%).
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B.11 Lag?2 Trials: Effect of Gender and of Gender-Category-State Interaction on Accuracy

Lag2 trials: Bayesian and frequentist analyses of the main effect of gender and the interaction effect of gender-category-state on

accuracy (E1, E2).

Bayesian analyses
El

E2

Frequentist analyses
El

E2

Main effect of gender
Inconclusive
BF =0.97

women: median = 0.61,
89% CI [-1.60, 2.94], pd = 66.80%

Interaction effect of gender:category:state
Inconclusive
BF =0.97

women:romantic:sated: median = -0.39,
89% CI [-3.05, 2.22], pd = 59.67%

women:food:sated: median = 0.29,
89% CI [-2.36, 2.95], pd = 56.95%

Inconclusive
BF = 0.96

women: median = 0.66,
89% CI [-1.74, 3.00], pd = 67.45%

Inconclusive
BF = 0.84

women:romantic:sated: median = -2.07,
89% CI [-5.19, 1.16], pd = 84.88%

women:food:sated: median = -1.55,
89% CI [-4.71. 1.63], pd = 77.78%

Not significant
p=.52
F(1, 25) =0.42

Not significant
p=.57
F(2, 50) = 0.57

Not significant
p=.20
F(1,23)=1.78

Not significant
p=.73
F(2, 46) =0.47

Note. The dependent variable is accuracy (%). The data of one non-binary participant has been dropped from the E2 analyses presented here for simplicity in

interpreting results.
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B.12 Lag?2 Trials: Effect of Age and Age-Category-State Interaction on Accuracy

Lag2 trials: Bayesian and frequentist analyses of the main effect of age and the interaction effect of age-category-state on accuracy
(E1, E2).

Bayesian analyses Frequentist analyses
El E2 El E2

Main effect of age

Inconclusive Inconclusive Not significant Significant
BF =0.86 BF =0.87 p=.10 p=.01

F(1, 25) = 2.86 F(1,24)=7.91
age: median = 0.22, age: median = -0.02,
89% CI [0.00, 0.45], pd = 94.58% 89% CI [-0.08, 0.04], pd = 69.60%

Interaction effect of age:category:state

Inconclusive Inconclusive Not significant Significant*
BF =1.35 BF =0.76 p=.77 p=.02

F(2, 50) = 0.27 F(2,48)=4.14
age:romantic:sated: median = -0.004, age:romantic:sated: median = 0.12,
89% CI [-0.26, 0.23], pd = 50.98% 89% CI [0.03, 0.20], pd = 98.68%
age:food:sated: median = 0.05, age:food:sated: median = 0.12,
89% CI [-0.19, 0.29], pd = 63.48% 89% CI [0.03, 0.20], pd = 98.45%

Note. The dependent variable is accuracy (%). *Frequentist t-test results showed no difference in performance in hungry food trials compared to sated food
trials in younger participants (t(27.88) = -0.06, p = .95, 95% CI [-2.18, 2.05]) or older participants (1(23.36) = 0.27, p = .79, 95% CI [-1.68, 2.18]).
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C Chapter 4 Supplementary Materials
C.1 S1 Methods

Participants

We calculated that 85 participants would be required to achieve 80% power, with
a medium effect size (d = 0.5) and an alpha level of 0.05. We used a medium
effect size as we could not find a comparable study with published effect sizes.
Consequently, we recruited 100 participants (women = 56, men = 44; ages 18 —
59 years, M = 33.1, SD = 10.4) using Prolific (an online participant recruitment
platform) to ensure a minimum sample size of 85 would be achieved even after
removing participants who reported being interrupted during the task. All

participants were currently residing in the UK.

To achieve a wide range of self-reported momentary hunger ratings across our
sample, we recruited participants in two waves on the same day (11:10 and 14:00
on 10th August 2020). The waves were timed to be either side of a typical British
lunchtime (midday) to capture individuals who had not yet eaten or had recently
finished lunch. We removed four participants who indicated they had been
interrupted during the study and five whose Qualtrics data indicated they had

seen some stimuli longer than they should have during encoding.

Procedure

We advertised our study on Prolific and informed participants that they should be
over 18 years old, live in the UK, and have access to the internet on a tablet or a
computer to participate. We instructed them that they would complete a memory
task and be asked for additional information about themselves. Participants
recruited in both waves completed the same task and questions.

After we recruited participants on Prolific, we automatically redirected them to
Quialtrics. Participants then provided their informed consent, age, and gender
before beginning the image recognition task (see “Image recognition task”). This
was immediately followed by the price recall task (see “Price recall task”). Before
starting the tasks, we instructed participants to ensure they were in a quiet place
with no distractions, give their full attention to the screen, and not write anything

down.
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Upon completing the tasks, we asked participants if they had been interrupted
during the tasks, when they had last eaten food, and how hungry they felt (see
“Self-reported hunger rating”). After that, we presented debrief materials to
participants on Qualtrics and their payments were approved and received through
Prolific. Participants received 1.45 GBP for taking part in the study. This was
based on the study taking approximately ten minutes to complete and the
2020/21 UK minimum wage.

Measures

Image recognition task The task started with a serial visual presentation of 15
images of food items and 15 images of non-food items, with a price above each
item (see Figure C1). Each image was shown for three seconds, and the order
was randomised. We instructed participants to pay close attention and remember
what they saw.

Once the presentation was completed, we presented participants with a grid
containing 60 words with checkboxes. Of these words, 30 were the names of
items shown in the presentation (15 food and 15 non-food), and 30 were items
not shown (15 food items and 15 non-food items). We instructed participants to
select the 30 items they had been shown and to select 30 items exactly, even if
they could not remember all 30 items they had been shown.

Price recall task Following the image recognition task, we presented participants
with a list of all images from the serial visual presentation above. Participants
tried to recall the price of each image and entered it into a textbox next to the
image. The order of the images was randomised between participants, and there

were no time restrictions.

Self-reported hunger rating Participants answered the question “How hungry
do you feel?” using a visual analogue scale (VAS) anchored at 0 (“not feeling
hungry at all’), 5 (“feeling moderately hungry”), and 10 (“feeling extremely
hungry”).
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£1.35

Figure C1. An example of the serial visual presentation of images and prices in

S1.

Note. An image of a food or non-food item was shown below a price, which was always the same

font and size.
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C.2 S2 Methods

Participants

As previously mentioned, we deviated from our pre-registered analysis plan for
S2. However, we retained our pre-registered flexible Bayesian stopping rule for
recruitment instead of an a priori power analysis to determine sample size. We
required a minimum sample size of 50 and a Bayes factor of < 1/10 or > 10 for
several pre-registered predictions. After 50 participants, these criteria were not
met, and we continued to test participants. We stopped data collection after our
next check as these criteria were met. We recruited 103 participants (women =
71, men = 31, non-binary = 1; ages 18 — 67 years, M = 29.6, SD = 11.7) from
undergraduate populations, university-maintained participant mailing lists, and
social media. Because of the inclusion of gender as a covariate in our models, we
removed data from the single participant who identified as non-binary so that

gender categories were balanced in sample size.

Procedure

Recruitment and data collection occurred between 6th December 2021 and 24th
February 2022. Before signing up, we informed participants that they should be
over 18 years old, have normal or corrected-to-normal vision, and not have a
medical condition that would be exacerbated by fasting. We also told them that
they would need to be able to attend Newcastle University for one 30-minute

session on a weekday between 2 p.m. and 5 p.m.

After signing up and providing consent, we allocated participants to a hungry or a
sated condition on an alternate sign-up basis. We instructed all participants to eat
breakfast before 9 a.m. on the day of their participation to ensure that they were
awake at similar times to minimise the potential impacts of circadian rhythm on

cognition.

We asked patrticipants in the sated condition to eat and drink as usual and to eat
in the hour preceding their study session. We asked participants in the hungry
condition to refrain from eating after 9 a.m. until after they had completed their
session. We informed participants that they could consume water, tea, and
coffee, but instructed them to avoid calorie-dense drinks or drinks containing a lot
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of sugar or milk. At 6 p.m. the evening before the study, we sent participants an

email reminding them of these instructions.

When patrticipants arrived on site, we asked whether they had complied with the
fasting or eating requirements and reminded them what the study would entail.
We then showed the participant to a quiet laboratory with a PC readied with the

study.

Before beginning their first task on the PC, all participants provided their informed
consent, age and gender. Upon completing the tasks, we asked participants
when they had last eaten food, how hungry they felt (see “Self-reported hunger
rating”), and to confirm whether they had fasted between 9 a.m. and their
session. Finally, we presented debrief materials to participants on-screen. They
were then paid in vouchers (or with course credits if they were psychology

undergraduates) immediately after the session ended.

The task order was counterbalanced: half of the study population completed an
image recognition task (see “Image recognition task”), followed by a one-minute
break, and then a price recall task (see “Price recall task”). The remaining half
completed the price recall task, followed by a one-minute break, and then the
image recognition task. The counterbalancing of the task sequence was

distributed evenly between the two conditions.
Measures

Image recognition task The task started with a serial visual presentation of 30
images of food items and 30 images of non-food items (see Figure C2). Each
image was shown immediately after the other for one second, and the order was
randomised. We instructed participants to pay close attention and remember

what they saw.

Immediately after the image sequence, participants completed a simple reaction
time task on the PC and a verbal forward-digit span task with the researcher (see
Appendix C.10for protocol). We included these as distractor tasks to increase the
difficulty of the image recognition task by engaging participants in a different
activity between the encoding and response sections of the image recognition

task. These were timed to ensure all participants experienced a similar delay.
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Following the distractor tasks, participants completed the response section of the
image recognition task. Participants were shown a sequence of 120 images: 30
food and 30 non-food images, which were “old”, and 30 food images and 30 non-
food images that were “new”. The order of the images was randomised. Each
image appeared for five seconds. During those five seconds, participants

indicated whether they had seen the image before using the “y” (yes, old) and “n

(no, new) keys.

Price recall task The task started with a serial visual presentation of 15 images
of food items and 15 images of non-food items alongside a price in GBP (Figure
C2). Each image was shown for four seconds (as in Morris and Dolan (2001)),
and the order of images was randomised. We instructed participants to
remember as many prices as possible. There was no overlap in image use

between the image recognition and price recall tasks.

We rounded prices to the nearest 0.10 GBP, which was not a whole pound (e.g.,
3 GBP) or 0.50 GBP (e.g., 3.50 GBP). For example, £2.03 would be rounded up
to £2.10, but £2.13 would be rounded down to £2.10. We did this to reduce
variability in the memorability of prices, as in S1, we found evidence that whole
number prices were more memorable. Furthermore, all items in the same
category (food or non-food) were priced differently from one another to minimise
potential advantages for item prices through association. To achieve this, we
occasionally had to round prices up by 0.20 GBP rather than 0.10 GBP. We
selected items and prices across the two categories so that the mean price and
variation in price were as similar as possible between food (M = 1.38 GBP, SD =
1.01 GBP) and non-food items (M = 1.32 GBP, SD = 1.03 GBP).

After seeing the sequence of images and prices, participants had a two-minute
break and a countdown timer was shown onscreen for the duration. Once this
was complete, we presented the 30 images individually without their prices.
Participants had to recall the price from memory and type it into the textbox below
each image (see Figure C2). Each image was shown for 10 seconds (a
countdown timer was shown beneath the textbox), and participants had to type
their responses within that time. We limited the time, so participants progressed

through the task at a similar rate.
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Self-reported hunger rating We asked all participants how hungry they felt on a
visual analogue scale anchored at O (not at all hungry) and 7 (extremely hungry),

as previously used in Piech et al. (2010).
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What was the price of this item?

£

Figure C2. An example of how images were presented during the (A) serial visual presentation of the image recognition task, (B)

serial visual presentation of the price recall task, and (C) response section of the price recall task in S2.

Note. (A) This is also how stimuli were presented in the response section of the task. (B) The image was always shown below a price with the same font and
size.
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C.3 Rationale for Deviating From S2 Pre-registration

We deviated from our pre-registered analysis for S2 as the pre-registered plans

were not ideally suited to our data. There were two main differences.

1. For the image recognition tasks, we pre-registered that we would use the
number of hits plus correct rejections for our measure of task accuracy and the
number of hits plus false alarms for our measure of bias. Instead, we used the

SDT measures d’ and c for the reasons described in the main text.

2. We changed the structure of our models. Our outcome variables were
based only on food trials in the pre-registered analysis. We then planned to
include the equivalent outcome variables for all trials as a predictor in the model
to control for individual differences in performance. However, we recognised that
this would result in an overlap of the same data being used as outcomes and
predictors in the same model. Thus, we moved away from the approach to the

model structures described in the main text.

142



C.4 Descriptions and Interpretation of the Bayesian Indices pd and ROPE

Descriptions of the Bayesian indices pd and ROPE and how to interpret their
values, as described by Makowski et al. (2019a) and Makowski et al. (2019b).

Parameter

Description

Interpretation

pd

The probability of direction (pd) is “...an index of
effect existence, ranging from 50% to 100%,

representing the certainty with which an effect
goes in a particular direction (i.e., is positive or
negative)” (Makowski et al. 2019a; Makowski et al.
2019b).

The pd often has a direct association with the

frequentist p value.

The higher the value, the
greater the evidence for the

effect’s existence.

E.g. a two-tailed p value of
.05 would correspond to a
pd value of 97.5%.

ROPE

ROPE-based indices describe whether an effect is
negligible or too small to be of any practical

equivalence; they speak to effect significance

regarding whether the effect is large enough to be

notable in the real world.

The full region of practical equivalence (ROPE ) is
the proportion of the posterior distribution that lies
within the ROPE. For linear models, Kruschke
(2014) suggested that ROPE be set as a range
from [-0.1*SDy, 0.1*SDy] and, for logistic models,
[-0.18*SDy, 0.18*SDy], where SDy is the standard
deviation of the effect of interest. These values are
used as 0.1 and 0.18 are negligible effect sizes for
and

linear logistic models,

determined by Cohen (2013).

respectively, as

The lower the value, the
more likely the effect is to
have practical significance.
E.g. for the full ROPE
(100%), the null hypothesis
is rejected if the percentage
of the posterior distribution
within the ROPE is less
than 2.5% or accepted if it
is greater than 97.5%.
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C.5 Effects of Age and Gender on d’, Food Response Bias (S1), and c (S2)

Bayesian linear mixed model results of effects of age and gender on d’ and food

response bias (S1)/c (S2) in the recognition task.

Median 89% ClI ROPE
Parameter ) pd (%)
diff. LL UL (%)
s1 Age 0.00 -0.01 0.02 68.1 100.0
g Gender (Women) 0.19 -0.09 0.48 86.0 21.9
- Age 0.00 -0.01 0.01 61.3 100.0
Gender (Women) 0.14 -0.07 0.36 84.9 22.4
) Age 0.00 -0.03 0.02 60.3 100.0
Bias (food) S1
Gender (Women) 0.02 -0.41 0.46 52.8 36.0
- Age -0.01 -0.01 0.00 98.1 100.0
c
Gender (Women) -0.07 -0.18 0.05 83.3 25.9

Note. N =91 (S1) and N = 100 (S2). Median diff. = median difference; Cl = credible interval; LL =

lower limit; UL = upper limit; pd = probability of direction; ROPE = region of practical equivalence.
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C.6 Effects of Age, Gender and Hunger — When Considering Calorie Content

— on Hit Rate and Correct Food Price Recall

Bayesian logistic regression results of effects of age and gender and hunger

rating(S1)/state (S2) — when considering calorie content — on whether a

participant responded correctly in recognition task trials with “old” food images

(hit rate) and whether a participant correctly recalled a food price in the price

recall task.

Median 89% ClI ROPE

Parameter ) pd (%)

(odds ratio) LL UL (%)

Age 1.01 0.98 1.04 61.7 100.0
S1  Gender (Women) 1.49 0.82 2.75 85.6 22.7
Hit Hunger rating 0.92 0.81 1.04 85.1 90.1
(yes or no) Age 1.01 0.99 1.02 84.5 100.0
S2  Gender (Women) 1.36 0.97 1.91 93.1 26.0
State (Sated) 1.34 0.98 1.85 93.7 26.9
Age 1.03 1.01 1.05 97.4 100.0
Food price  S1  Gender (Women) 0.88 0.56 1.35 68.7 43.8
recall Hunger rating 1.06 0.97 1.15 84.3 99.0
(correct or Age 0.99 0.98 1.01 76.2 100.0
not) S2  Gender (Women) 0.77 0.57 1.05 91.2 31.7
State (Sated) 1.12 0.83 1.48 73.4 59.1

Note. N = 91 (S1) and N = 100 (S2). Median diff. = median difference; Cl = credible interval; LL =

lower limit; UL = upper limit; pd = probability of direction; ROPE = region of practical equivalence.
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C.7 Effects of the Hunger, Item Type, Age, and Gender on Price Recall Score
and Accuracy

Bayesian linear mixed model results of the main effects of the hunger variable
(hunger rating (S1) or state (S2)), item type, age, and gender, and a hunger
variable X item type interaction effect on the score (the total number of prices
remembered) and accuracy in the price recall task.

Parameter Mefjian 89% CI od (%) ROPE

diff. LL uL (%)

Age 0.04 -0.01 0.09 92.1 100.0

No. of prices st Gender (Women) -0.55 -1.45 0.39 81.6 25.3
recalled s Age 0.00 -0.03 0.04 51.9 100.0
Gender (Women) -0.62 -1.53 0.25 87.6 21.7

s1 Age -0.01 -0.02 0.00 91.9 100.0

Price recall Gender (Women) 0.06 -0.13 0.25 70.3 37.2
accuracy s> Age 0.00 -0.01 0.00 92.8 100.0
Gender (Women) 0.08 -0.01 0.16 91.8 18.5

Note. N = 91 (S1) and N = 102 (S2). Median diff. = median difference; Cl = credible interval; LL =

lower limit; UL = upper limit; pd = probability of direction; ROPE = region of practical equivalence.
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C.8 Effects of Age, Gender, and Item Type —When Considering “Whole
Number” Pricing — on the Proportion of Prices Correctly Recalled in S1

Bayesian linear mixed model results of the effects of age, gender, and item type —
when taking “whole number” pricing into consideration - on the proportion of

prices correctly recalled by a participant in S1.

Median 89% CI
Parameter ] pd (%) ROPE(%)
diff. LL UL
Age 1.00 1.00 1.01 86.6 100.0
Gender (Women) 0.99 0.92 1.06 59.8 49.3
Item type (Non-Food) 1.41 1.35 1.48 100.0 0.0

Note. N = 91. Median diff. = median difference; Cl = credible interval; LL = lower limit; UL = upper

limit; pd = probability of direction; ROPE = region of practical equivalence.

C.9 Effects of Age, Gender, and Hunger — When Considering Calorie

Content - on Price Recall Accuracy

Bayesian linear mixed model results of the effects of age, gender, and a hunger
variable (hunger rating (S1) or state (S2)) — when considering calorie content - on

participants’ price recall accuracy.

Parameter Median 89% ClI pd (%) ROPE (%)
diff. LL UL

Age -0.01 -0.01 0.00 98.7 100.0
S1  Gender (Women) -0.01 -0.12 0.11 54.8 73.3

Hunger rating 0.00 -0.03 0.02 62.8 100.0

Age 0.00 0.00 0.01 76.5 100.0
S2  Gender (Women) 0.08 -0.01 0.17 93.1 50.7

State (Sated) -0.05 -0.12 0.04 81.9 76.5

Note. N =91 (S1) and N = 102 (S2). Median diff. = median difference; Cl = credible interval; LL =

lower limit; UL = upper limit; pd = probability of direction; ROPE = region of practical equivalence.
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C.10 Protocol for Distractor Tasks in the S2 Image Recognition Task

The simple reaction time task comprised eight practice trials and 20 real trials.
Participants had to press the spacebar as quickly as possible when a black cross
appeared in the white box that was continuously present on their black screen.
We calculated individual baseline simple reaction times by averaging response
times on the real trials. This was displayed to participants in milliseconds at the

end of the reaction time task.

The verbal forward-digit span task immediately followed this. A three-minute timer
appeared on the screen, alongside instructions for the participant to get the
researcher’s attention. The researcher entered the room and explained what the
participant needed to do in the task. When the participant was ready, the
researcher read randomly generated sequences of numbers to the participant,
and the participant repeated them back to the best of their ability. The first
sequence had three digits. Each time the participant repeated the sequence
correctly, the sequence length in the subsequent trial increased by one digit. This
continued until the participant made a mistake. Then, the participant had one
more opportunity to repeat a new sequence correctly at that sequence length. If
they were unsuccessful again, the task would be over. The participant’s digit span

was the maximum number of digits in a sequence they could correctly repeat.

Next, the researcher instructed the participant that a button to continue would
appear once the three-minute timer had ended, and they should press it. This
timer ensured that all participants experienced the same delay before the

response section of the task.
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THE END
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