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Abstract

A significant aspect of human cognition involves planning for the future. To do so, we need to
anticipate how different decisions will make us feel — anticipated affect — and balance it with
the emotions that future events trigger in us in the present — anticipatory affect. This future-
oriented affect can have a profound impact on the way we make decisions. The current thesis
aimed to gain a deeper understanding of how these two types of future-oriented affect influence
our decision-making processes and how this may relate to their interplay with attention. Using
psychophysiology, computational modeling, and brain imaging methods across three
experimental studies, we show that anticipatory affect draws attention and modulates decision-
making behavior, and that top-down attentional goals modulate neural activity when

anticipating future emotions.

In Study 1, we show that the affect gap, a systematic difference in decision behavior under risk
when choosing between affect-rich compared to affect-poor outcomes, may be driven by
differences in affective arousal across affect-rich and affect-poor choices. In Study 2, we tested
an alternative explanation for what could be driving the affect gap, namely that increased
affective arousal leads to reduced cognitive resources, thus resulting in simplified decision
behaviors; however, we did not find support for this hypothesis. In Study 3, we investigated
how attentional deployment, an emotion regulation strategy by which one focuses attention
away or towards a given aspect of a stimulus, modulated neural activity during affective
forecasting — the process of anticipating future emotions. We show that focusing on the
positive part of a bivalent (i.e., simultaneously positive and negative) outcome selectively
engages reward-related brain processes, while focusing on the negative recruits regions related

to aversion.

Results across the three studies highlight the important effects future-oriented affect has on
decision-making processes and its interaction with attention. Affective information about the
future can put a person into approach or avoidance states, resulting in simplified decision-
making strategies that rely less on cognitive evaluations and more on affective evaluations of
the events. Affect both draws attention through its salience, but can also be modulated by
attention-based emotion regulation strategies. This research highlights the need for appropriate

risk communication, especially in emotionally charged decision contexts.
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1. Introduction

“We used to believe that we were thinking beings who just happen
to feel. We now know that we are feeling beings who think.”
— Antonio Damasio

Decision-making has long been the subject of intense scrutiny across various
disciplines, ranging from psychology and neuroscience to economics and computer science,
with traditional models often emphasizing rationality and logical reasoning as the primary
drivers of choice. However, a wave of research has increasingly recognized the profound
influence of emotions in shaping our decisions and challenging the notion of a purely cognitive
decision-making process (Volz & Hertwig, 2016). Future-oriented cognition is inherent to
decision-making, as we need to make choices that will influence our future experiences. Thus,
the aim of the current thesis was to study the role of future-oriented affect in decision-making.

Info box one provides a distinction between affect and emotions. In the thesis, the term
emotion will be used when referring to affective states of a short duration and particular quality
(e.g., sadness, fear, etc.). In contrast, affect is used as a broader term to capture affective states
along a valence and arousal continuum. Furthermore, when citing literature, terms from that

literature are employed.

The differentiation of affect and emotion has not always been clear and
the confusion between the two has led to some scientific errors. In her
book “How Emotions are Made: The Secret Life of the Brain” Dr. Lisa
Feldman Barrett describes affect as a “basic sense of feeling which
ranges from unpleasant to pleasant (valence) and from idle to activated
(arousal)”. Importantly, affect is something we experience at all times
because we experience interoception at all times. Emotions on the other
hand are a more complex and are not occurring continuously. The
dictionary of the american psychological association defines emotion as
“a complex reaction pattern, involving experiential, behavioral, and
physiological elements, by which an individual attempts to deal with a
personally significant matter or event. The specific quality of the emotion
(e.g., fear, shame) is determined by the specific significance of the
event.”
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There are two types of future-oriented affect: 1) anticipatory affect describes affective
states that we feel in the present in response to an upcoming decision or future event, such as
worry or hope, and 2) anticipated affect are the emotions we predict we will feel in response to
a decision outcome or future event, such as regret or joy. A key function of emotions is to put
people into a state of readiness to approach or avoid events (Van Boven & Ashworth, 2007).
Future-oriented emotions are especially important for this function, as they provide a basis for
valuing future outcomes and events. Using a wide range of methodologies, including
computational modeling, psychophysiology, and brain imaging, our results show that future-
oriented affect systematically influences our decision processes. Through three experimental
studies, we also explore the interaction between affect and attention, which can bi-directionally
impact each other and influence decision-making. The first two studies investigate the affect
gap, a robust finding in the literature that people systematically change their decision behavior
under risk when prospects elicit high compared to low anticipatory aftect (Pachur et al., 2014).
In the third study, we launched an investigation into anticipated affect, specifically, we studied
the neural correlates of attentional deployment in affective forecasting with bivalent complex
gains and losses. To break that down, attentional deployment is an emotion regulation strategy
in which people direct attention towards or away from certain aspects of a stimulus (Mauss et
al., 2007). We implemented it as a voluntary regulatory goal by instructing participants to focus
on either the positive or negative part of a bivalent outcome (i.e., an outcome that produces
mixed emotions), while engaging in affective forecasting, the process by which we try to
anticipate our emotions in response to a decision outcome or future event.

The following sections of the introduction will detail relevant concepts and highlight
the literature that inspired the current work. The first section will delineate and define
anticipatory and anticipated affect. This is followed by a discussion of how attention and affect

interact, as well as their influence on decision-making. The third section will describe the
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literature on the role of affect in decision-making under risk. Subsequently, research on
affective forecasting, its neural correlates, and effects on decision behavior is discussed.
Finally, the introduction will wrap up with a discussion on the aims and research questions of

this thesis and how the three studies inform them.

1.1 Future-oriented affect: anticipatory and anticipated emotions

Individuals spend a considerable amount of time thinking about the future. A detailed
investigation into future thought suggests that we think about the future roughly every 16
minutes and spend twice the amount of time thinking about the future than we do thinking
about the past (D’ Argembeau et al., 2011). Future-oriented cognition, or our ability to mentally
time travel, occupies a prevalent space in our mental lives because it serves a number of
important functions, including decision-making, action planning, and emotion regulation
(Barsics et al., 2016; D’Argembeau et al., 2011). While not all future-oriented thought is
affective in nature, D’ Argembeau and colleagues’ diary study (2011) suggests that a majority
of future thoughts are affective (~60% of future thoughts).

The literature differentiates two types of future-oriented emotions: anticipatory
emotions and anticipated emotions. Anticipatory emotions are ones that we experience in the
present in response to a potential decision outcome or future event. Anticipated emotions are
ones that we anticipate we will feel when a decision outcome or future event comes to pass.
Let’s take the example of a dinner with friends: we may anticipate that we will feel joy as a
consequence of spending time with close ones, at the same time, we may, in the present, worry
about not being able to find parking close to the restaurant. Barsics and colleagues (2016)
launched a detailed investigation into the frequency, function, and characteristics of emotional
future thoughts, differentiating between anticipatory and anticipated emotions. Their
investigation highlights the importance of future-oriented affect for goal-directed behavior. In

fact, 60% of emotional future thoughts were related to planning, decision-making, and intention
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formation, with the other 40% serving the function of emotion regulation. Importantly, their
study and other work emphasize that anticipatory and anticipated affect are distinct concepts
that are driven by different mechanisms and can independently motivate goal-directed behavior
(Baumgartner et al., 2008; Schlosser et al., 2013; Xu & Guo, 2019).

1.1.1. What do anticipatory and anticipated affect have in common?

Both anticipated and anticipatory affect are useful to predict behavior (Xu & Guo, 2018;
Schlgsser et al., 2011). For both anticipatory and anticipated affect, positively valenced
thoughts tend to take the form of visual imagery, whereas negatively valenced thoughts are
dominated by inner dialogue (Barsics et al., 2015). Both anticipatory and anticipated emotions
are significantly related to mood states preceding and following the occurrence of an emotional
thought. Finally, negative affect seems to lead to stronger behavioral intentions than positive
affect for both anticipatory and anticipated affect (Baumgartner et al., 2008).

1.1.2. How do anticipatory and anticipated affect differ?

The range of anticipatory emotions is smaller than that of anticipated emotions, as they
are limited to emotions that are related to the prospects of future events, while anticipated
emotions can be any emotion that one anticipates feeling (Baumgartner et al., 2008). It has also
been suggested that anticipatory emotions better predict behavioral expectations (i.e., the
subjective probability that a behavior will be performed; Carrera et al., 2012). Anticipated
emotions, on the other hand, better predict behavioral intention (i.e., the amount of effort
individuals are willing to invest to attain a goal; Barsics et al., 2015; Baumgartner et al., 2008).
Finally, anticipated emotions tend to be experienced as more intense than anticipatory emotions
(Clayton McClure et al., 2024; Ernst et al., 2018).

1.1.3. Conclusion
Future-oriented affect serves a multitude of functions, including goal-directed behavior,

decision-making, action planning, motivation, and emotion regulation. They have been
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leveraged in intervention and shown to have an effect on behavioral intention and expectation,
as well as actual behavior. For example, future-oriented emotions are thought to mediate the
positive effect of episodic future thinking on the reduction of delay discounting rates (Ballance
et al., 2022; Wang et al., 2022) and have been shown to positively contribute to self-control
behaviors (Kruschwitz et al., 2024). In sum, future-oriented affect can serve as a basis for
valuing decision outcomes or future events and thus helps place us into approach and avoidance

states.

1.2. Affect and attention: bi-directional influences

Our capacity to take in sensory information is limited. Attention is the process by which
we select and maintain information for further processing. Affect and attention are linked as
they both deal with information-processing priorities and impact on each other in a bi-
directional fashion. Attention can be exogenous, or bottom-up, whereby salient stimuli grab
attention automatically. From this perspective, affective stimuli are highly salient and thus
attract attention (LeDoux, 1996; Lundqvist & and Ohman, 2005; Ohman, 2002). It is suggested
that the pre-attentive detection of affect has a motivational influence by rapidly signaling the
presence or absence of a threat and thus cueing the relevant cognitive strategies to elicit the
perceived needed response (LeBlanc et al., 2015). However, attention can also be endogenous,
top-up, or goal-directed. Here, emotion can also impact attention in a top-down fashion. For
example, anxious individuals are primed to attend to and appraise information as negative
(Clark, 2001). On the other hand, attention has also been demonstrated to impact on emotion.
Stimuli that are attended to tend to be perceived as more vivid and distinct; consequently, this
intensifies the emotion towards this stimulus (Mrkva et al., 2020).

1.2.1. Affect, attention, and decision-making
The consequences of attention and affect on decision-making are not always easily

distinguished. Specifically, it is suggested that attention can affect decision-making by
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increasing emotion towards choice outcomes (Mrkva et al., 2020). For example, in the affect
gap literature, computational modeling and process-tracing methods (Pachur et al., 2014, 2018)
have highlighted that when choice outcomes elicit high anticipatory affect, individuals pay less
attention to probability information, prioritizing outcome information. By virtue of affect’s
attention-capturing effect (Lundqvist & Ohman, 2005; Ngai & Jin, 2025; Ohman, 2002), it is
thus assumed that affect and attention interact to impact subsequent cognitive processes. This,
in turn, influences the information that is encoded and retrieved from memory and the decisions

made.

1.3. Affect and decision-making under risk

Early decision-making under risk research originated from economic ideas of
rationality, which did not include emotions as a possible driver of choice behavior. For
example, Expected Utility Theory (Von Neumann & Morgenstern, 1947) suggests that
decisions are made by weighting the utility of each possible outcome with its probability and
choosing the option with the highest expected utility. Such models describe compensatory
decision-making strategies, which assume that each piece of information is weighed to come
to an optimal choice. These models are quite effective at describing decision behavior under
relatively affect-poor conditions, such as when choosing between moderate monetary gambles.
However, when choices involve prospects that elicit comparatively more anticipatory aftfect,
these models no longer accurately describe decision behavior (Pachur & Galesic, 2013; Pachur
etal., 2014).

The affect gap details this phenomenon, and several robust findings have been
highlighted. For one, people are more likely to use a non-compensatory decision strategy in
affect-rich choices (i.e., a decision strategy which does not consider all pieces of information
equally) (Pachur et al., 2014; Pachur & Galesic, 2013; Popovic et al., 2019). This manifests as

probability neglect (Sunstein, 2002), i.e., people tend to pay less attention to probability
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information. Furthermore, people tend to be more risk averse when deciding between affect-
rich prospects and are less likely to maximize expected value (expected value is the weighting
of an outcome with its probability, e.g., the expected value (EV) of a gamble that has a 30%
chance of resulting in a loss of 20€ has an expected value of: 20x0.3= 6) (Frank & Pachur, in
press). This affect gap is a robust phenomenon and has been shown to persist when making
decisions from experience (Lejarraga et al., 2016), across different age groups (Frank & Pachur,
in press), and when deciding for other people (Popovic et al., 2019).

The exact mechanisms by which affect impacts on decision-making are still debated.
Some theories center around the fact that emotion serves as information and can substitute for
numerical information (Wang et al., 2022). The risk-as-feelings hypothesis, for instance,
assumes that risk is assessed on two levels: a cognitive evaluation of risk and the emotional
reaction to it (Loewenstein et al., 2001). Authors argue that in many instances, people will rely
on the emotional reaction to risk, which can explain why people deviate from expected value
maximization, especially when affect is highly salient. A hypothesis that centers on this idea
biologically is the somatic marker hypothesis (SMH) (Bechara & Damasio, 2005). The SMH
posits that visceral changes (e.g., heart rate, sweating) serve as somatic markers which
represent emotion-related signals providing a signal to the organism about the perceived
aversiveness or attractiveness of an outcome and thus bias choice.

Other perspectives have emphasized the role of affect in shifting cognitive processes.
For instance, some authors propose that affect impacts on decision-making by reducing the
availability of processing resources (Channon & Baker, 1994; Eysenck, 1998; Kensinger &
Corkin, 2003). More recently, Plass and Kalyuga (2019) outlined four ways in which emotion
impacts on cognitive load: 1) as a source of extraneous cognitive load (e.g., extra processing
by thinking about one’s emotional state or processing information that is not task relevant), 2)

emotional stress reduces the amount of working memory that is available, 3) emotions impacts
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on memory processes, and 4) emotion as intrinsic cognitive load (e.g., when decisions require
emotion regulation). Trémoliére and colleagues (2016) launched a detailed investigation on the
interaction of emotion and cognitive load on analytical thinking and found that across a series
of tasks, emotion disrupted task processes due to the allocation of cognitive resources toward
emotion processing at the expense of other activities.

The current thesis investigates two hypotheses, building on this literature, across two
studies. The first study investigated psychophysiological markers of affect during decision-
making in the affect gap. This allows us to study whether differences in affective arousal are
driving changes in decision behavior in affect-rich compared to affect-poor choice, lending
evidence to affect-as-information frameworks. The second study investigated how taxing
cognitive resources would impact the affect gap. This allows us to investigate whether higher
affective arousal in affect-rich choices is driven by a reduction in cognitive resources.

From the body of work examined above, it is interesting to note that, in part due to the
anticipatory affect associated with different outcomes, decision-making is not domain-general.
Many models of decision-making have, by and large, been based on simple monetary gains and
losses, and the validity of these models in other decision domains, such as medical decision-
making, is not always clear. This is especially true in medical decisions, since medical decisions
are rarely devoid of affect and occur in a particular social setting where one relies on doctors
to inform and guide our choices. As such, it is crucial to get a deeper understanding of how
future-oriented emotions impact decision-making when dealing with complex decisions. For
this reason, we next turned to investigating the relationship between endogenous attention and

anticipated affect with complex medical gains and losses.

1.4. Anticipating the future: Affective forecasting and its neural signatures

Affective forecasting involves the anticipation of our emotions in response to future

outcomes and events. As such, it involves anticipated emotions. As previously highlighted,
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anticipated emotions are experienced as more intense than anticipatory ones and have better
predictive validity for behavioral intention (Baumgartner et al., 2008; Gillman et al., 2022;
Wang et al., 2022). Nonetheless, research on affective forecasting has uncovered some
systematic biases in our forecasts, demonstrating that we are not the most accurate forecasters.
This is especially true for outcomes that involve bivalent (mixed) outcomes (Gilbert & Wilson,
2009). Affective forecasting, as a future-oriented cognition, is an inherently cognitive process
because it involves mechanisms such as prediction and simulation. For this reason, the third
experiment investigated the neural correlates of attentional deployment and affective
forecasting in the context of bivalent medical outcomes. The next sections will highlight the
behavioral literature on affective forecasting in medical decision-making and the neural
correlates of affect and affective forecasting.
1.4.1. Affective forecasting in medical contexts

Research on affective forecasting in medical contexts has highlighted that patients do
indeed use their affective forecasts to make decisions (Hoerger et al., 2016; Perry et al., 2020)
and that these forecasts are often biased. For instance, several forecasting biases have been
uncovered, including focalism, a bias that occurs because people are too narrowly focused on
what is lost (or changed) without considering other factors. Info-box two provides an overview
of further common forecasting biases that may impact decisions. A recent meta-analysis (Bosch
et al., 2021) of affective forecasting in medical contexts has concluded that people tend to
overestimate their quality of life when they are expecting health improvements and
underestimate their quality of life when they are expecting health deterioration. Importantly,
this suggests patients may selectively attend to the positive or negative anticipated emotions
depending on their expectations. Crucially, this highlights the interaction between attention and

affect. This makes it essential to understand the processes that underlie affective forecasting to
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better understand how we can build decision aids and interventions that will support people in

making their medical decisions.

Being too focused on one factor (e.g., a loss or a change) at

Focalism the expense of others
I t .. . . . .
nl:?aa;c Overestimating the intensity and duration of future emotions

Immune Not considering the psychological coping mechanisms that
neglect will help us cope with negative emotions

1.4.2. Neural correlates of affective forecasting

Reflective of early models of decision-making which considered emotions to be an
“irrational” and biasing influence on judgment and decision-making, early neurocognitive
models also highlighted dual systems in the brain by which newer frontal brain regions were
responsible for reasoning and cognitive processes and the older structures such as the limbic
system were responsible for emotional processing (LeBlanc et al., 2015). It was assumed that
cognitive and emotional functions were primarily processed separately, and emotional systems
interfere with frontal cognitive processing (e.g., McClure et al., 2004, 2007; Turner et al.,
2019). However, a wealth of literature has challenged this notion and has shown that brain
networks do not differ as much as suggested. Structures from the limbic system are also
important to cognitive processes, and the frontal regions also play an active role in emotional
processing (Damasio, 1994; LeBlanc et al., 2015). Affective forecasting is a good example of
this, as future prospection about emotional outcomes requires both cognitive and emotional
processing and highlights the interaction of these different neural signals. The anticipation of
future emotional events, for instance, includes a variety of brain regions, including emotion

processing regions (amygdala, insula, and ventromedial prefrontal cortex), sensory processing
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regions (lateral temporal and parietal cortices), and lateral prefrontal regions commonly
associated with top-down cognitive control processes (D’Argembeau et al., 2008; Sharot et al.,
2007).

Research on affective forecasting with univalent stimuli (exclusively negative or
positively valenced stimuli) has highlighted that affective forecasting involves the
ventromedial prefrontal cortex (vmPFC) (Bray et al., 2010; D’ Argembeau et al., 2008; Knutson
& Greer, 2008; Sharot et al., 2007), ventral striatum (nucleus accumbens) (Greenberg et al.,
2015; Knutson & Greer, 2008), insular cortices (Greenberg et al., 2015; Knutson & Greer,
2008), amygdala (Sharot et al., 2007), and the posterior cingulate cortex (PCC) (D’ Argembeau
et al., 2008; Sharot et al., 2007). Kruschwitz and colleagues (2018) were the first to investigate
how neural correlates are modulated when anticipating bivalent stimuli. They showed that
when anticipating a bivalent outcome, neural systems for reward and punishment co-activated.
Importantly, in a second study in which they instructed participants to attend to either the
positive part of the outcome (monetary gain) or the negative part of the outcome (aversive
sound), i.e., attentional deployment, neural systems shifted towards reward processing and
punishment processing, respectively. Additionally, the anticipation of the positive part of the
outcome recruited vimPFC and PCC, regions implicated with coding subjective reward value
and self-referential processing (Kruschwitz et al., 2018). We build on this work by investigating
the neural correlates of attentional deployment in affective forecasting with complex medical

gains and losses.

1.5. Aims and research overview

Building on the literature described above, the current thesis includes three experiments
that investigate future-oriented affect and decision-making. In the first two studies, we expand
on the literature on the affect gap. The first experiment launched a more detailed investigation

into the affective dynamics of the affect gap. To date, the results described in the affect gap
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have been attributed to anticipatory affect through post-hoc affect ratings (e.g., Pachur &
Galesic, 2013; Pachur et al., 2014; Lejarraga et al., 2016; Popovic et al., 2019). We build on
this work by measuring psychophysiological markers of affective arousal (i.e., electrodermal
activity) and emotion regulation (i.e., vagally mediated HRV indices) during the decision-
making process. Following up on this study, we launched a behavioral experiment in which we
introduced a time pressure manipulation to a commonly used paradigm to investigate the affect
gap, which includes a risky choice task in which participants have to make binary choices
between affect-rich and affect-poor lotteries. The goal of this second experiment was to
investigate whether anticipatory affect exerts its effect on decision behavior under risk by
limiting the amount of cognitive resources available.

In the third study, we shift focus to anticipated emotions in an affectively complex
medical decision context. We follow up on previous investigations of the neural correlates
underlying affective forecasting by investigating its neural correlates in the context of complex
gains and losses and how activity is modulated by voluntary emotion regulation through
attentional deployment (i.e., intentionally focusing on a given aspect of an outcome/situation).

From a methodological point of view, this thesis investigates future-oriented affect’s
implications in decision-making using a multitude of approaches, allowing us to inform our
understanding of its processes from a behavioral, cognitive, and biological perspective. In the
first two studies, we used behavioral and computational modeling approaches to understand
changes in decision behavior and decision strategies used when anticipatory affect is high
compared to low. In the first study, we additionally use psychophysiological methods to track
objective measures of affect, allowing us to investigate to what extent decisions under risk with
varying affective investment are informed by embodied affective states. Finally, we use
functional magnetic resonance imaging (fMRI) to investigate anticipated affect. The aims and

methods used across studies are summarized in Table 1.



Table 1.

Aims and methods of each experimental study in the thesis
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The aim is to understand
whether the affect gap is due
to differences in affective
arousal when choosing
between affect-rich and

affect-poor prospects

To investigate whether the
affect gap may be explained

by differences in cognitive
resource allocation in affect-

rich choice

To study how attentional
deployment modulates
neural correlates of
anticipated emotions in

complex medical decisions

Psychohphysiology:
electrodermal
activity
Computational
modeling: maximum
likelihood estimation
of decision strategies
Behavioral: risky
choice task
Behavioral: risky
choice tasks
Computational
modeling: maximum
likelihood estimation
of decision strategies

Brain imaging: fMRI



23

1.6. References

Ballance, B. C., Tuen, Y. J., Petrucci, A. S., Orwig, W., Safi, O. K., Madan, C. R, &
Palombo, D. J. (2022). Imagining emotional events benefits future-oriented decisions.
Quarterly Journal of Experimental Psychology, 75(12), 2332-2348.

https://doi.org/10.1177/17470218221086637

Barsics, C., Van Der Linden, M., & D’Argembeau, A. (2016). Frequency, characteristics, and
perceived functions of emotional future thinking in daily life. Quarterly Journal of
Experimental Psychology, 69(2), 217-233.
https://doi.org/10.1080/17470218.2015.1051560

Baumgartner, H., Pieters, R., & Bagozzi, R. P. (2008). Future-oriented emotions:
Conceptualization and behavioral effects. European Journal of Social Psychology,
38(4), 685—696. https://doi.org/10.1002/ejsp.467

Bechara, A., & Damasio, A. R. (2005). The somatic marker hypothesis: A neural theory of
economic decision. Games and Economic Behavior, 52(2), 336-372.
https://doi.org/10.1016/j.geb.2004.06.010

Bosch, G. J. V. D., Roos, R. A. N., Otten, R., Bockting, C., & Smulders, Y. M. (2021). Are
patients accurate forecasters of their emotional response to medical conditions? A
scoping review on affective forecasting. BMJ Open, 11(12), €053370.
https://doi.org/10.1136/bmjopen-2021-053370

Bray, S., Shimojo, S., & O’Dobherty, J. P. (2010). Human medial orbitofrontal cortex is
recruited during experience of imagined and real rewards. Journal of
Neurophysiology, 103(5), 2506-2512. https://doi.org/10.1152/jn.01030.2009

Channon, S., & Baker, J. (1994). Reasoning strategies in depression: Effects of depressed
mood on a syllogism task. Personality and Individual Differences, 17(5), 707-711.

https://doi.org/10.1016/0191-8869(94)90148-1


https://psycnet.apa.org/doi/10.1177/17470218221086637

24

Clark, D. M. (2001). A cognitive perspective on social phobia. In W. R. Crozier & L. E.
Alden (Eds.), International handbook of social anxiety: Concepts, research and

interventions relating to the self and shyness (pp. 405-430). John Wiley & Sons Ltd.

Clayton McClure, J. H., Riggs, K. J., Dewhurst, S. A., & Anderson, R. J. (2024).
Differentiating anticipated and anticipatory emotions and their sensitivity to
depressive symptoms. Emotion. https://doi.org/10.1037/emo0001371

Damasio, A. R. (1994). Descartes’ Error: Emotion, Reason, and the Human Brain. New
York: G.P. Putnam.

D’Argembeau, A., Renaud, O., & Van Der Linden, M. (2011). Frequency, characteristics and
functions of future-oriented thoughts in daily life. Applied Cognitive Psychology,
25(1), 96-103. https://doi.org/10.1002/acp.1647

D’Argembeau, A., Xue, G., Lu, Z.-L., Van Der Linden, M., & Bechara, A. (2008). Neural
correlates of envisioning emotional events in the near and far future. Neurolmage,
40(1), 398—407. https://doi.org/10.1016/j.neuroimage.2007.11.025

Eysenck, N. D. M. W. (1998). Working memory capacity in high trait-anxious and repressor
groups. Cognition and Emotion, 12(5), 697-713.
https://doi.org/10.1080/026999398379501

Frank, C., & Pachur, T. (2025). The affect gap in risky choice is similar for younger and older

adults. Psychology and Aging. https://doi.org/10.1037/pag0000889

Gilbert, D. T., & Wilson, T. D. (2009). Why the brain talks to itself: Sources of error in
emotional prediction. Philosophical Transactions of the Royal Society B: Biological
Sciences, 364(1521), 1335-1341. https://doi.org/10.1098/rstb.2008.0305

Gillman, A. S., Iles, I. A., Klein, W. M. P, Biesecker, B. B., Lewis, K. L., Biesecker, L. G., &

Ferrer, R. A. (2022). The role of future-oriented affect in engagement with genomic


https://psycnet.apa.org/doi/10.1037/pag0000889

25

testing results. Journal of Behavioral Medicine, 45(1), 103—114.
https://doi.org/10.1007/s10865-021-00253-7

Hoerger, M., Scherer, L. D., & Fagerlin, A. (2016). Affective forecasting and medication
decision making in breast-cancer prevention. Health Psychology, 35(6), 594—603.
https://doi.org/10.1037/hea0000324

Kensinger, E. A., & Corkin, S. (2003). Effect of negative emotional content on working
memory and long-term memory. Emotion, 3(4), 378-393.
https://doi.org/10.1037/1528-3542.3.4.378

Knutson, B., & Greer, S. M. (2008). Anticipatory affect: Neural correlates and consequences
for choice. Philosophical Transactions of the Royal Society B: Biological Sciences,
363(1511), 3771-3786. https://doi.org/10.1098/rstb.2008.0155

Kruschwitz, J. D., Goschke, T., Ahmed Mohamed Alj, E., Kraehe, A.-C., Korb, F. M., &
Walter, H. (2024). The role of anticipated emotions in self-control: Linking self-
control and the anticipatory ability to engage emotions associated with upcoming
events. Frontiers in Psychology, 14, 1152155.
https://doi.org/10.3389/fpsyg.2023.1152155

Kruschwitz, J. D., Waller, L., List, D., Wisniewski, D., Ludwig, V. U., Korb, F., Wolfensteller,
U., Goschke, T., & Walter, H. (2018). Anticipating the good and the bad: A study on
the neural correlates of bivalent emotion anticipation and their malleability via
attentional deployment. Neurolmage, 183, 553-564.
https://doi.org/10.1016/j.neuroimage.2018.08.048

LeBlanc, V. R., McConnell, M. M., & Monteiro, S. D. (2015). Predictable chaos: A review of
the effects of emotions on attention, memory and decision making. Advances in
Health Sciences Education, 20(1), 265-282. https://doi.org/10.1007/s10459-014-

9516-6



26

LeDoux, J. E. (1996). The Emotional Brain: The Mysterious Underpinnings of Emotional
Life. Simon and Schuster.

Lejarraga, T., Pachur, T., Frey, R., & Hertwig, R. (2016). Decisions from experience: From
monetary to medical gambles. Journal of Behavioral Decision Making, 29(1), 67-77.
https://doi.org/10.1002/bdm.1877

Loewenstein, G. F., Weber, E. U., Hsee, C. K., & Welch, N. (2001). Risk as feelings.
Psychological Bulletin, 127(2), 267-286. https://doi.org/10.1037/0033-
2909.127.2.267

Lundqvist, D., & and Ohman, A. (2005). Emotion regulates attention: The relation between
facial configurations, facial emotion, and visual attention. Visual Cognition, 12(1),
51-84. https://doi.org/10.1080/13506280444000085

Mauss, L. B., Bunge, S. A., & Gross, J. J. (2007). Automatic emotion regulation. Social and
Personality Psychology Compass, 1(1), 146—167. https://doi.org/10.1111/5.1751-
9004.2007.00005.x

McClure, S. M., Ericson, K. M., Laibson, D. I., Loewenstein, G., & Cohen, J. D. (2007).
Time discounting for primary rewards. The Journal of Neuroscience: The Official
Journal of the Society for Neuroscience, 27(21), 5796-5804.
https://doi.org/10.1523/INEUROSCI.4246-06.2007

McClure, S. M., Laibson, D. 1., Loewenstein, G., & Cohen, J. D. (2004). Separate neural
systems value immediate and delayed monetary rewards. Science, 306(5695), 503—
507. https://doi.org/10.1126/science.1100907

Mrkva, K., Ramos, J., & Van Boven, L. (2020). Attention influences emotion, judgment, and
decision making to explain mental simulation. Psychology of Consciousness. Theory,

Research, and Practice, 7(4), 404—422. https://doi.org/10.1037/cns0000221



27

Ngai, H. H. T., & Jin, J. (2025). Emotion-guided attention impacts deliberate multi-evidence
emotion-related perceptual decision-making. Psychophysiology, 62(5), €70059.
https://doi.org/10.1111/psyp.70059

Ohman, A. (2002). Automaticity and the amygdala: Nonconscious responses to emotional
faces. Current Directions in Psychological Science, 11(2), 62—66.
https://doi.org/10.1111/1467-8721.00169

Pachur, T., & Galesic, M. (2013). Strategy selection in risky choice: The Impact of numeracy,
affect, and cross-cultural differences. Journal of Behavioral Decision Making, 26(3),
260-271. https://doi.org/10.1002/bdm.1757

Pachur, T., Hertwig, R., & Wolkewitz, R. (2014). The affect gap in risky choice: Affect-rich
outcomes attenuate attention to probability information. Decision, 1(1), 64—78.
https://doi.org/10.1037/dec0000006

Pachur, T., Schulte-Mecklenbeck, M., Murphy, R. O., & Hertwig, R. (2018). Prospect theory
reflects selective allocation of attention. Journal of Experimental Psychology:
General, 147(2), 147-1609. https://doi.org/10.1037/xge0000406

Perry, L. M., Hoerger, M., Korotkin, B. D., & Duberstein, P. R. (2020). Perceived importance
of affective forecasting in cancer treatment decision making. Journal of Psychosocial
Oncology, 38(6), 687-701. https://doi.org/10.1080/07347332.2020.1768198

Plass, J. L., & Kalyuga, S. (2019). Four ways of considering emotion in cognitive load
theory. Educational Psychology Review, 31(2), 339-359.
https://doi.org/10.1007/s10648-019-09473-5

Popovic, N. F.,, Pachur, T., & Gaissmaier, W. (2019). The gap between medical and monetary
choices under risk persists in decisions for others. Journal of Behavioral Decision

Making, 32(4), 388-402. https://doi.org/10.1002/bdm.2121



28

Schlgsser, T., Dunning, D., & Fetchenhauer, D. (2013). What a feeling: The role of immediate
and anticipated emotions in risky decisions. Journal of Behavioral Decision Making,
26(1), 13-30. https://doi.org/10.1002/bdm.757

Sharot, T., Riccardi, A. M., Raio, C. M., & Phelps, E. A. (2007). Neural mechanisms
mediating optimism bias. Nature, 450(7166), 102—105.
https://doi.org/10.1038/nature06280

Sunstein, C. R. (2002). Probability Neglect: Emotions, Worst Cases, and Law Essay. Yale
Law Journal, 112(1), 61-108.

Trémoliére, B., Gagnon, M.-E., & Blanchette, 1. (2016). Cognitive load mediates the effect of
emotion on analytical thinking. Experimental Psychology, 63(6), 343-350.
https://doi.org/10.1027/1618-3169/a000333

Turner, B. M., Rodriguez, C. A., Liu, Q., Molloy, M. F., Hoogendijk, M., & McClure, S. M.
(2019). On the neural and mechanistic bases of self-control. Cerebral Cortex (New
York, N.Y.: 1991), 29(2), 732—750. https://doi.org/10.1093/cercor/bhx355

Van Boven, L., & Ashworth, L. (2007). Looking forward, looking back: Anticipation is more
evocative than retrospection. Journal of Experimental Psychology.: General, 136(2),
289-300. https://doi.org/10.1037/0096-3445.136.2.289

Volz, K. G., & Hertwig, R. (2016). Emotions and decisions: Beyond conceptual vagueness
and the rationality muddle. Perspectives on Psychological Science, 11(1), 101-116.
https://doi.org/10.1177/1745691615619608

Von Neumann, J., & Morgenstern, O. (1947). Theory of games and economic behavior, 2nd
rev. Ed (pp. xviii, 641). Princeton University Press.

Wang, X. T. (XiaoTian), Wang, P., Lu, J., Zhou, J., Li, G., & Garelik, S. (2022). Episodic

future thinking and anticipatory emotions: Effects on delay discounting and



29

preventive behaviors during COVID-19. Applied Psychology: Health and Well-Being,
14(3), 842-861. https://doi.org/10.1111/aphw.12350

Xu, Z., & Guo, H. (2019). Advantages of anticipated emotions over anticipatory emotions
and cognitions in health decisions: A meta-analysis. Health Communication, 34(7),

774-781. https://doi.org/10.1080/10410236.2018.1434738



30

2. Study I: Investigating the Affect in the Affect Gap

Philips, R!., Pachur, T.23, Brevers, D.4, and Vogele, C.!
"Department of Behavioral and Cognitive Science, University of Luxembourg
2School of Management, Technical University of Munich
3Max Planck Institute for Human Development, Berlin

4 Pscyhological Sciences Research Institute, Université catholique de Louvain

Author Note
The study was supported by the Luxembourg National Research Fund (FNR;
PRIDE19/14233191/3E). The authors have no relevant financial or non-financial interests to

disclose. We have no known conflicts of interest to disclose.



31

Abstract

The “affect gap” refers to the systematic differences in decision behavior when individuals
evaluate affect-rich (e.g., medication side effects) vs. affect-poor (e.g., monetary losses)
outcomes under risk. While prior work has attributed this to affective engagement, little
research has examined the affective responses during the decision process itself. We addressed
this gap by measuring physiological markers of anticipatory affect and emotion regulation,
specifically skin conductance responses (SCRs) and heart rate variability (HRV), respectively,
while participants made risky decisions involving either affect-rich or affect-poor outcomes.
We further investigated how decision perspective (personal vs. interpersonal) modulated the
affect gap, as a test of its sensitivity to different levels of affective engagement. Finally, we
investigated whether anticipatory affect induced subsequent carry-over effects on mood. SCR
amplitudes were significantly higher during affect-rich choices, compared to affect-poor ones,
suggesting heightened anticipatory arousal in affect-rich decisions. However, HRV measures
were unrelated to decision-making behavior, suggesting that emotion regulation, as
operationalized in this study, did not modify the affect gap. Finally, there was no carry-over
effect of anticipatory arousal on subsequent mood. These findings offer the first direct
physiological evidence of anticipatory affect in the affect gap, suggesting that emotional
arousal underlies the shift in decision behavior under affect-rich risk.

Keywords: affect gap, anticipatory affect, electrodermal activity, decisions under risk
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2.1. Introduction

Decisions under risk involve the evaluation of uncertain outcomes, often balancing
potential gains and losses against their probability of occurring. Traditional economic theories
describe these decisions using compensatory decision-making strategies (Bernoulli, 1954; Von
Neumann & Morgenstern, 1947). Compensatory strategies generally weigh all pieces of
information to come to an optimal decision. These models assume a rational and emotion-free
computation of risk. However, when outcomes evoke anticipatory affect, such as when
evaluating medication side effects, decision behavior often deviates from compensatory
decision strategies, revealing what has been dubbed the “affect gap” (Pachur et al., 2014).

The affect gap captures a robust phenomenon: when choosing between affect-rich
outcomes (e.g., harmful side effects) versus affect-poor ones (e.g., monetary losses), people
tend to rely on simpler, non-compensatory decision strategies, display greater risk aversion,
and reduced expected value maximization (Frank & Pachur, in press; Lejarraga et al., 2016;
Suter et al., 2016). While this pattern is well documented, its affective underpinning remains
insufficiently understood. Previous studies have inferred affective engagement from outcome
ratings, not from real-time affective states during decision-making. As a result, it remains
unclear whether the affect gap reflects anticipatory affect during choice or a purely cognitive
evaluation of affective information. For instance, anticipating positive or negative future events
(such as a decision outcome) is not necessarily associated with an emotional response in the
present (Baumgartner et al., 2008). This may be related to the fact that anticipation can occur
at different levels of abstraction, from highly detailed visualization of an outcome (episodic
future thought) to semantic information and integrating conceptual autobiographical
knowledge (Barsics et al., 2016).

The current study fills this gap by measuring psychophysiological correlates of affect

during decision-making in the affect gap. Electrodermal activity (EDA), and in particular skin
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conductance response (SCR) amplitudes, provides an index of affective arousal and has been
linked to emotional reactivity in decision-making contexts (Boucsein, 2012; Figner & Murphy,
2011; Molins et al., 2021). For instance, previous research has shown that EDA responses are
larger for losses than wins (Wu et al., 2016) and that EDA increases with increasing bet sizes
and can be used to index objective risk (Holper et al., 2014; Studer & Clark, 2011; Wu et al.,
2016). Based on this literature, we hypothesized that anticipatory SCR amplitudes should be
larger in response to affect-rich compared to affect-poor outcomes.

To the extent that anticipatory affect impacts decision behavior, it follows that better
emotion regulators should show fewer fluctuations in decision behavior across affect-rich and
affect-poor choices. To investigate this, we derived participants’ resting and task-related heart
rate variability (HRV) as a measure of emotion regulation and inhibitory capacity (Appelhans
& Luecken, 2006; Thayer & Lane, 2000, 2009; Balzarotti et al., 2017). Previous findings show
that individuals with higher resting HRV show more context-appropriate emotional reactions,
compared to individuals with lower HRV (Ruiz-Padial et al., 2003). Furthermore, longitudinal
data suggest that resting HRV, as an index of cardiac vagal modulation, was predictive of
emotion regulation and daily affect during the COVID-19 breakout (Makovac et al., 2021).
Investigations of HRV in risky choice have shown that higher resting HRV can protect against
decision biases. For example, Siitterlin and colleagues (2011) show that individuals with higher
resting HRV show reduced susceptibility to framing effects in a risky choice task. Additionally,
phasic increases in task-related HRV facilitate emotion regulation (Butler et al., 2006; Lane et
al., 2013). Thus, we hypothesized that higher resting HRV and increased task-related HRV
during decision-making would result in participants being less susceptible to changing their
decision behavior in response to affect-rich prospects.

To get an idea of the sensitivity of the affect gap to different levels of affective

engagement, we furthermore modulated decision perspective within-subjects. Participants had
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to make decisions with affect-rich and -poor prospects for themselves and for an unfamiliar
peer. Emotion theories of interpersonal decision making have highlighted that differences
between personal and interpersonal choices can be attributed to the fact that we have weaker
emotional responses when prospects do not concern ourselves (Loewenstein et al., 2001). In a
between-subjects investigation Popovic and colleagues (2019) showed that the affect gap is
maintained when making interpersonal decisions, but they also highlighted that the affective
evaluation of choice outcomes was lower for others than for themselves. Thus, we used a
within-subjects decision perspective condition to study the affect gap’s sensitivity to different
levels of affective engagement toward the outcomes. We hypothesized that SCR amplitudes
and affect ratings would be lower in interpersonal compared to personal choices.

Finally, prior work has demonstrated that anticipatory affect can have an effect on
subsequent mood states (Barsics et al., 2016). As risky choice paradigms often include repeated
choices that repeatedly engage anticipatory affect, we wanted to assess whether this would have
a downstream effect on subsequent state affect. As such, we included a self-report positive and
negative affect scale at baseline and after each of the decision blocks in the risky choice task.
We hypothesized that, to the extent that anticipatory affect impacts subsequent state affect, this
effect should be stronger for affect-rich choices than affect-poor ones.

In sum, the current investigation seeks to elucidate whether the affect gap is driven by
anticipatory affect as indexed by skin conductance response amplitudes. We further investigate
whether better emotion regulation capacity, as indexed by HRV, buffers against fluctuations in
decision behavior across affect-rich and -poor choices. Finally, we also investigate the
sensitivity of the affect gap by including interpersonal choices and study the downstream

effects of anticipatory affect on participants’ mood states.
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2.2.  Method
2.2.1. Participants

A total of 60 participants were recruited for the study (Mage=26.23 [SD=5.72, range: 18-
43], Nwomen= 34, Nmen=24, Nunspecifieca=2). Recommendations for sample size in
psychophysiological research suggest to include 20-40 participants per group in between-
subjects investigations (Christopoulos et al., 2019), with within-subjects investigations
typically requiring fewer participants. Nonetheless, since we have two within-subjects
conditions, we aimed to match what would be considered an adequate sample size for group
comparisons. Additionally, from a behavioral perspective, the affect gap has been evidenced in
samples of diverse sizes ranging from n = 40 (Pachur et al., 2014) to n = 1047 (Pachur &
Galesic, 2013). The sample consists of students from the University of Luxembourg.
Participants could complete the study in English, German, or French. 57 participants were
included for the data analysis as a technical error prevented two participants from completing
the entirety of the study, and another participant provided the same willingness-to-pay (WTP)
for every side effect (more details under monetary evaluation task). This study is in line with
the principles of the Declaration of Helsinki, and ethical approval was granted by the
institutional ethics board of the University of Luxembourg (ERP 22-018A AftGap).

2.2.2. Experimental Design

We employed a two (affect condition: rich vs. poor) by two (decision perspective:
personal vs. interpersonal) within-subjects design. The current investigation was part of a larger
project, which, in addition to the behavioral tasks, comprises an interoceptive task as well as a
series of questionnaires, not reported here. These additional measures were collected in an
exploratory manner to inform future investigations. Participants’ psychophysiological
responses were recorded throughout the experiment. The conditions were counterbalanced

across participants. Figure 1 depicts the procedure and tasks used in the study.
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2.2.3. Equipment
Electrodermal activity and HR were recorded using Biopac’s MP150 recorder, software
(AcgKnowledge 5.0.5; Almond, 2017), and amplifiers (ECG100C, GSR100C, RSP100C).
Physiological measures were sampled at 1000 samples per second. The risky choice task was
coded in PsychoPy 2022.1.4 (Peirce et al., 2019), using Python 3.1.3 and displayed on a DELL
monitor and computer with Windows 10 operating system.

2.2.4. Behavioral tasks

Monetary evaluation task. Participants were first presented with the twelve side
effects they would encounter during the task (Insomnia, Depression, Dizziness, Speech
Disorder, Trembling, Hallucinations, Fever, Fatigue, Memory loss, Diarrhea, Flatulence,
Itching) and were asked to rank the side effects by their preceived severity, once from their
own perspective and once from the perspective of a peer. We defined “peer” as someone of

their own cohort, but that they do not know well. These rankings were meant to help them
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perform the monetary evaluation task, in which participants were given the following
description:
“Imagine that you were suffering from a severe but treatable illness. There are two
equally effective medications available to treat this illness. One always results in a
side effect, while the other never results in a side effect. For every side effect
indicated, please provide the amount of money in euros you would be willing to pay
extra for a packet of medication which does not produce the side effect.”

In the interpersonal condition, participants were asked to indicate how much they
thought their peer would be willing to pay extra for the packet of medication that does not result
in the side effects.

Risky choice task. Next, participants started the choice task. It consisted of two factors
(each with two conditions) carried out over four blocks of twenty trials. The two factors were
affect condition and decision perspective. In the affect-rich condition, participants had to decide
between two medications with a given chance of resulting in a side effect, either for themselves
or for a peer. In the affect-poor condition, participants had to decide between two loss lotteries
in which there was a given chance to lose an indicated amount of money. Participants made
choices for themselves (personal decisions) and for a peer (interpersonal decisions).
Importantly, the affect-poor choice problems were structurally equivalent to the affect-rich ones
by replacing the side effects with the monetary equivalents (WTP) provided in the monetary
evaluation task (see Figure 1 for an example). A trial occurred as follows: Fixation cross (8s),
Stimulus presentation (10s), response (no fixed duration). Before starting with the choice task
and after each condition (i.e., decision block of 20 trials), participants filled out the 10-point
PANAVA scale to assess self-reported affect at baseline and after each condition.

Affective evaluation task. In the affective evaluation task participants were presented

with every possible choice outcome from the choice task (i.e., side effects and monetary losses)
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and were asked to rate how upset they would feel if they were to experience this outcome on a
scale from 1 (not at all upset) to 10 (extremely upset) in the personal condition, and how upset
they would feel if their choice resulted in their peer experiencing a given outcome on the same
scale in the interpersonal condition.

2.2.5. Procedure

Participants attended a single experimental laboratory session of about two and a half
hours. Upon arrival, participants were first asked to read and sign the consent form. Once
informed consent was obtained, participants were prepared for the physiological recordings by
fixing surface electrodes to their bodies. For the ECG, three electrodes were attached to the
torso in Einthoven’s Lead-II formation. Two EDA electrodes were attached to the hypothenar
eminence of the non-dominant hand. A respiration belt was fastened around participants’
chests. When the signal was deemed to be acceptable, participants engaged in a rest period for
a baseline recording of physiological measures. For this 10-minute rest period, participants
were instructed to sit with their feet on the ground, knees at a 90° angle, with their hands lying
palm facing up on their thighs, and keeping their eyes closed. Following this rest period,
participants were asked to perform the behavioral tasks described above. After completion of
these tasks, there was a second baseline measure of five minutes.

2.2.6. Statistical analysis

All behavioral analyses were carried out in R Studio (2022.07.2 + 576, R Core Team,
2021). For the mixed effects models, we used the Ime4 package (Bates et al., 2015). Predictors
of the mixed models were tested by leaving them out of the model and comparing the full and
reduced models using a likelihood ratio test. If the likelihood ratio test was significant, we
concluded that the predictor significantly contributes to the model.

HRV. Heart rate variability (HRV) was computed through Kubios (version 2.1.;

Tarvainen et al., 2014), using the last five minutes of the 10-minute rest period at the onset of
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the study. We further used the last five-minute segments of each condition of the choice task,
as well as the second baseline, to obtain a measure of task-related and recovery HRV. HRV
analyses were performed on vagally mediated HRV indices, specifically, the root mean square
of successive differences (RMSSD) and the high frequency band in the frequency-domain
analysis, as specifically cardiac vagal tone is thought to reflect self-regulation processes and
has shown longitudinal predictiveness of emotion regulation (Laborde et al., 2017; Thayer &
Lane, 2009; Makovac et al., 2021). Furthermore, a review supports the use of HRV as an
objective marker of emotion regulation (Balzarotti et al., 2017).

EDA. 53 participants were included in this analysis, as we had six non-responders (i.e.,
individuals who showed very low or unmeasurable EDA activity) in our sample. Preprocessing
of EDA included visually inspecting the raw data for artefacts; in cases where artefacts were
found, that segment was cut. Raw data was then resampled to 62.5Hz, and median smoothing
matching the downsampled frequency was used. Lastly, a 1 Hz FIR filter was passed over the
data. Skin conductance responses (SCR) were computed in AcgKnowledge (version 5.0.5)
using the event-related EDA routine. An SCR was deemed to be event-related if it occurred
within 10 seconds after stimulus onset and had an amplitude of at least 0.03uS. SCR amplitudes
used in the analysis were participants’ averaged amplitude across all event-related SCRs in a
condition.

Strategy classification. We used the maximum likelihood approach from Pachur and
Galesic (2013) to classify participants according to one of three strategies: 1) expected value
(EV) strategy, 2) affect heuristic (Finucane et al., 2000), 3) guessing/using another strategy.
The strategy that resulted in the best (i.e., lowest) goodness of fit parameter (Equation 1) was

assigned to the participant. Choices were modeled separately for each condition.

N
Gy= 2, W[

Eq. 1
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Fj(y) represents the probability with which a strategy predicts an individual’s choice y at lottery
j- If a choice matched the prediction of the strategy, then fj(y)=1 — gjx; otherwise fj(y)= €, where
€ represents the application error across all choice problems. For the guessing strategy, we
assumed €=0.5. We calculated the Bayes Factor according to equation 2 as a measure of
classification confidence. The BIC was computed according to equation 3.

1
BF = exp (—EABIC> Eq. 2

BIC = G? + 1*log(ntriats) Eq.3

EV maximization. We investigated whether people are equally likely to choose the
option with the better EV across conditions, using a logistic mixed-effects model. We modeled
whether participants chose the option with the better EV, using affect condition and decision
perspective as fixed effects. We further included a measure of whether the option with the better
EV was also the more risky option as a fixed covariate (more details in risk attitude). We
included random intercepts over participants and choice problems.

Risk attitude. To investigate whether risk-taking differs across conditions, we
calculated the coefficient of variation (CV) for each lottery (Pachur et al., 2017; Weber et al.,
2004). If participants selected the option with the higher CV, then they picked the riskier
gamble. We then used a mixed effects logistic regression with affect condition and decision
perspective as fixed effects and random intercepts across subjects. We further included a
control variable as a fixed effect term that indicated whether the risky option was also the one
with the better EV on a given trial (0-if no, 1- if yes).

Affect ratings. To check for differences in affect ratings across conditions, we used a
linear mixed model with affect rating as the outcome, affect condition, and decision perspective

as fixed effects, and random intercepts across subjects and stimuli.
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2.3.  Results

2.3.1. Affective evaluation task

Figure 2.

Average affect ratings for side effects and their monetary equivalents
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There was a significant effect of affect-condition on the affect evaluations (y’(1) =
43.007, p <0.001). As can be seen in Figure 2, the affect ratings are consistently higher for the
side effects than their monetary equivalents. There was a significant effect of decision
perspective (y’(1) = 4.13, p = 0.042). Contrary to our expectations, the affect ratings were
higher for outcomes that affect a peer than for outcomes that affect oneself.

2.3.2. EDA

Amplitude data for skin conductance responses were square-root transformed due to
skew (Braithwaite et al., 2013). We tested whether the averaged amplitudes for each condition
significantly differed from each other and found a significant difference across affect-

conditions (y’(1) = 4.15, p < 0.05) but not decision perspective (y’(1) = 0.35, p = 0.55). As
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can be seen in Figure 3 and in line with our hypothesis, SCR amplitudes in the affect-rich
condition were higher than in the affect-poor condition.

Figure 3.

Skin conductance response amplitudes across conditions
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2.3.3. HRV

We investigated whether HRV at rest, as a measure of emotion regulation, would play
arole in strategy selection, expecting lower resting HRV to increase the likelihood of using the
affect heuristic, but found no effect (y’(1) =2.49, p = 0.114). We further investigated whether
task-related HRV would help explain strategy selection. Contrary to our expectation that
greater phasic increases in HRV would lead to decreased likelihood in changing strategies
across conditions, we found no effect for either HRV index (RMSSD: y?(1) =3.11, p = 0.78,

HF HRV: (1) =0.94, p=0.33).
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2.3.4. Monetary evaluation task
Willingness-to-pay (WTP) amounts were log transformed as they were positively
skewed. Participants expected their peers to be willing to pay more money for a packet of
medication without side effects than they reported for themselves (y°(1) =15.773, p <0.001).
2.3.5. Self-reported affect
Using a repeated-measures ANOVA we found that there was no difference in negative
affect (NA), positive affect (PA) or valence (VA) from baseline or between the conditions (NA:
F(3.31,192) =2.18, p = 0.255; PA: F(3.24,188) = 1.82, p = 0.42; VA: F(3.45,200)=1.73,p =
0.465).
2.3.6. Risky choice task
EV maximization
In line with previous studies on the affect gap, Figure 4 (panel A) shows that participants
were less likely to pick the option with the better EV in the affect-rich compared to affect-poor
choices (¥’(1) = 103.4, p < 0.001). Interestingly, people were also less likely to choose the
better EV for peers than for themselves (y’(1) = 5.33, p <0.05).
Risk attitude
With regards to risk attitude across the conditions, Figure 4 (panel B) shows that
participants were more likely to make risky choices in the affect-poor compared to the affect-
rich condition (y’(1) = 77.25, p < 0.001). There was no significant difference in risk-taking

across decision perspectives (y°(1) =1.23, p=0.27).
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Predicted probabilities of EV maximization and picking the risky option across conditions

Perspective . Interpersonal . Personal

0.8~
0.6~
0.4-
0.2~
0.0~

1 1 L} 1
Affect-poor Affect-rich Affect-poor Affect-rich
Affect condition Affect condition

I <
= =)
1] 1

Probability of choosing riskier option
[=]
o

Probability of choosing option with better EVI>

e
o
'

Strategy classification

Figure 5.

Proportion of participants using affect heuristic, EV strategy, or other strategy across
conditions
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In line with with previous research, Figure 5 highlights results from the log-linear
analysis for decision strategies and conditions, which retained a final model that includes affect
condition and strategy but not decision perspective and shows that participants are more likely
to use the affect heuristic in the affect-rich choices (5 = 2.035, p <.001). Table 2 indicates the
classification confidence for each condition based on Lee and Wagenmakers (2013)
benchmarks.

Table 2.

Median Bayes' Factor for each condition as a measure of classification confidence

Condition Bayes Factor Classification confidence
Affect-rich - Personal 5.18 Moderate

Affect-rich - Interpersonal ~ 5.18 Moderate

Aftect-poor - Personal 65.83 Very strong

Affect-poor - Interpersonal 42.9 Very strong

2.4. Discussion
This study provides the first direct psychophysiological evidence that anticipatory

affect contributes to the affect gap. Elevated SCR amplitudes during affect-rich choice indicate
that affective arousal is at play. This supports models such as the somatic marker hypothesis
(Damasio, 1996) and risk-as-feelings hypothesis (Loewenstein et al., 2001), which posit that
emotions guide attention and decision behavior under uncertainty. Anticipatory affect allows
us to analyze risks rapidly, but may introduce decision biases. This is highlighted by our
replication of the affect gap. In affect-rich choice individuals are more likely to use a non-
compensatory decision strategy, are more risk averse, and less likely to pick the choice option
with the better expected value. The idea that affect serves as information is central to many

theories of decision-making (Bechara & Damasio, 2005; Carpenter & Niedenthal, 2018;
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Loewenstein et al., 2001; Storbeck & Clore, 2008), and essentially converges on the idea that
affect can help guide behavior by providing approach and avoidance motivation towards choice
options. As such, it has been shown that anticipatory affect can help cope with uncertainty by
substituting for more numerical information, such as the probabilities of expected outcomes
(Wang et al., 2022). In sum, our finding indicates that in affect-rich choices, people use
increased affective arousal as a source of information about the decision outcomes, resulting in
reduced attention paid to other sources of information, such as probabilities.

This result echoes findings from the literature on probabilistic inference. Wichary and
colleagues (2016) showed that with greater emotional stress, as indexed by EDA and self-report
measures, individuals turn to easier non-compensatory decision strategies, which manifests
behaviorally as a reduction in information search and increased attention paid to the most
important cue. Importantly, these findings, along with our own, suggest an interaction between
affective arousal and attention processes. Our result indicating increased use of non-
compensatory decision strategies in affect-rich choices (i.e., showing probability neglect), in
combination with the finding of increased affective arousal in the same condition, supports the
attention narrowing hypothesis (Easterbrook, 1959), which posits that negative affect results in
the narrowing of attention on the most relevant feature of a choice option at the expense of
other pieces of information. Overall, the findings are in line with theories on emotion in
decision-making and highlight that affective arousal can lead to changes in decision behavior,
often reflected by the use of noncompensatory decision-making strategies.

While we did find support for differences in affective arousal across affect conditions,
we did not find HRV as a measure of emotion regulation to be predictive of decision behavior
in the affect gap. We do not know how intensely anticipatory affect is experienced or how long-
lasting it is. Thus, it may simply be the case that individuals did not engage in emotion

regulation during their choices. This would also be supported by the fact that we did not find a
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downstream effect of anticipatory arousal on the subsequent affective state of the participant.
After each choice block, there was no change from baseline in either state positive affect,
negative affect, or valence. Thus, anticipatory arousal may be quite fleeting and thus not engage
emotion regulation processes. Alternatively, individuals might engage in emotion regulation
strategies not captured by HRV as a proxy.

Finally, we also investigated the sensitivity of the affect gap to different levels of
affective engagement. To test this, we introduced a within-subjects interpersonal decisions
condition, in which participants had to make choices for an unfamiliar peer. In line with
Loewenstein and colleagues’ (2001) risk-as-feelings hypothesis, we hypothesized that affective
engagement would be lower when deciding for others and that, in consequence, affect ratings
and SCR amplitudes should be lower for interpersonal compared to personal choices. Contrary
to this hypothesis and previous work (Popovic et al., 2019), participants actually reported
feeling more upset when a choice results in a bad outcome for their peers than for themselves.
The increased distress ratings when negative outcomes occur to peers rather than themselves
may indicate that people felt social emotions such as accountability or guilt (DeSteno, 2009;
Eriksen et al., 2020; Leonhardt et al., 2011; Sun et al., 2021). For example, one study showed
that interpersonal decision makers (compared with people deciding for themselves) felt
significantly more guilt when an undesirable outcome, such as a lottery loss, occurred (Wagner
et al., 2012). Additionally, making a poor choice, especially on behalf of another person, can
threaten a decision-maker’s sense of competence (Polman & Wu, 2020). Thus, participants
may have felt more responsible when making choices for others, which could result in picking
gambles that may be statistically worse but carry a lesser degree of perceived blame. If
participants feel particularly responsible, then they may also show greater discomfort with
uncertainty when deciding for others and thus may have focused on safer but sub-optimal

choices on a handful of trials.
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An alternate explanation could be that individuals distort probabilities when deciding
for others, and as such, avoid gambles with better expected values if they also carry a significant
risk of an adverse effect. Given that participants showed increased distress ratings on the
evaluation of outcomes for peers, and did not show a difference in SCR amplitudes, it is not
surprising that the affect gap emerges similarly when deciding for others than when deciding
for themselves. The lack of differences in decision behavior with regards to risk taking and
decision strategy is in line with previous research demonstrating that preferences are stable
when decisions resemble each other or the information available is the same (this was the case
for us as the choices only differed in the WTP provided as monetary equivalents for the side
effects) (Schwarz, 2007; Schwarz & Bohner, 2001). Additionally, recent research also found
that a majority of participants tend to use a “golden rule” by which people choose the same
way for others as they would for themselves (Ifcher & Zarghamee, 2020). The only difference
in interpersonal decision making we found was that participants were less likely to pick the
option with better EV for their peer than for themselves. These results can be interpreted in line
with the idea that participants may have acted on moral and social considerations. For instance,
participants may have felt an obligation to protect others from potential losses and may thus
have prioritized choosing a less significant potential loss in some trials, even if the expected
value may have been better for the other alternative.

2.4.1. Limitations and future work

This study has several limitations. To construct the monetary lotteries, we used the
willingness-to-pay reported by the participants to ensure comparability between affect-rich and
affect-poor choice problems. Since monetary choices include numbers and medical ones do
not, the EV is a more latent construct in the medical choices; thus, results may also be
attributable to format effects. Previous research, however, has demonstrated that the effect

persists even when side effects are presented with their monetary equivalents (Suter et al.,
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2016) and when results are independent of WTP (Lejarraga et al., 2016), suggesting that they
cannot simply be due to format. Additionally, while we observed skin conductance responses
in the choice blocks, they were not elicited on every trial. We accounted for the number of
SCRs a person had in a given condition in the mixed model, such that the results should not be
due to differences in the number of SCRs. However, this still calls for further research to
validate that differences in affective arousal across conditions are not a spurious result. Future
work should expand on the current research by employing additional measures of affect, such
as electromyograms, to track the muscular activity of the eyes and mouth. This could lend
further evidence of differences in objective measures of affect in the affect gap. Future research
could also have participants rate the level of experienced affect after each trial, instead of each
decision block, allowing to probe for the subjective experience of affect across conditions.
2.4.2. Conclusion

Our findings reveal that anticipatory affect, as indexed by EDA, underpins behavioral
differences in affect-rich decision-making under risk. These effects are robust across
interpersonal and personal decision contexts. Anticipatory affect does not seem to carry over
to participants’ mood, and results are not mediated by psychophysiological markers of emotion
regulation (i.e., HRV). We conclude that increased affective arousal in affect-rich choices
serves as input to decision-making processes, impacting attentional processes and biasing

decisions to avoid outcomes that produce strong negative affective arousal.
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Abstract
People often exhibit systematic differences in their risky choices when decisions elicit high
anticipatory affect, compared to choices that are relatively affect-poor—typically showing
lower decision quality and greater risk aversion. This affect gap can be modeled by assuming
that people use a compensatory strategy (i.e., a strategy that weighs outcomes against their
probability of occurring) for affect-poor choices, but a simple non-compensatory strategy that
considers outcome but ignores probability information in affect-rich choices. The reasons for
these differences in strategy selection, however, are not yet understood. To examine whether
the affect gap may reflect that in affect-rich choices, cognitive resources are more strongly
taxed (leading to a simplification of the underlying decision strategy), we investigated
whether the affect gap is impacted by a time pressure manipulation. Participants were asked
to choose between affect-rich prospects (medical lotteries) and economically equivalent but
relatively affect-poor prospects (monetary lotteries), either without a time constraint or under
time pressure. The results indicated that the affect gap manifested similarly under time
pressure as without time pressure. Specifically, differences between affect-rich and affect-
poor choices in strategy selection did not differ between time pressure conditions, and
differences in decision quality and risk aversion were even slightly attenuated under time
pressure. The findings suggest that the differences in decision behavior between affect-rich
and affect-poor choices are not driven by cognitive constraints. We discuss the potential

psychological mechanisms involved in the affect gap.

Keywords: risky choice, affect gap, time pressure
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3.1. Introduction

Anticipatory affect plays a key role in our ability to make decisions (e.g., Bechara &
Damasio, 2005; Loewenstein et al., 2001). It allows a person to simulate the consequences of
different choice outcomes, and thereby helps to guide behavior based on “gut feeling”
responses (Bechara & Damasio, 2005). Anticipatory affect has also been shown to influence
decision-making under risk (e.g., Lejarraga et al., 2016; Pachur et al., 2014; Pachur & Galesic,
2013; Popovic et al., 2019; Rottenstreich & Hsee, 2001; Suter et al., 2016). Affect-rich choices
have often been studied using medical lotteries, such as choosing between different
medications that may elicit a side effect with a given probability (see Pachur et al., 2014; see
Rottenstreich & Hsee, 2001, for other types of outcomes). The affect-rich choices are compared
to choices in problems that are economically and structurally matched to the medical choice
problems but trigger less affect, that is, affect-poor choices (Pachur et al., 2014; Popovic et al.,
2019; Suter et al., 2016). Studies have consistently found an affect gap, in that there are
differences in decision behavior in affect-rich choice problems compared to relatively aftect-
poor choice problems. For instance, participants show lower decision quality (in terms of
selecting the option with the higher expected value, a frequently used proxy measure for
decision quality; e.g., Pachur et al., 2017; Zilker et al., 2020; Zilker, 2024) and higher risk
aversion in affect-rich choice problems (with negative outcomes) than in matched affect-poor
choice problems (e.g., Frank & Pachur, in press).

Several studies have suggested that the affect gap reflects a systematic difference in
strategy selection between affect-rich and affect-poor choices. In compensatory decision
strategies, all pieces of information are weighted against each other to optimize one’s choice,
such that, for instance, a large loss can be balanced out if it only occurs with a low probability.
In non-compensatory decision strategies, by contrast, only some of the available information

about an option is considered, and if an option has a large possible loss, this cannot be balanced
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out by the outcome occurring with only a low probability. Importantly, because they consider
only part of the available information and forego information integration, non-compensatory
strategies are typically less cognitively demanding than compensatory ones (Gigerenzer &
Goldstein, 1996; Payne et al., 1993; Shah & Oppenheimer, 2008; but see Fechner et al., 2018).
In line with the notion of probability neglect in decisions that trigger intense affect (Sunstein,
2002), the studies on the affect gap have provided robust evidence that relative to affect-poor
choices, in affect-rich choices individuals are more likely to use a non-compensatory decision
strategy that ignores the probability of the outcomes (Pachur et al., 2014; Popovic et al., 2019;
Suter et al., 2016). This is also supported by process data, showing that people make faster
choices and inspect less information about the options in affect-rich than in affect-poor choices
(Lejarraga et al., 2016; Pachur et al., 2014; Popovic et al., 2019).

Although the affect gap has been established as a robust phenomenon, it is still unclear
what drives the greater reliance on a simpler, non-compensatory strategy in affect-rich choices.
One possibility is that high anticipatory affect produces cognitive constraints, leading people
to simplify the decision process. Affect has been observed to negatively impact cognition in a
variety of ways, including reasoning, working memory, and central executive capacity
(Kensinger & Corkin, 2003; Oaksford et al., 1996; Trémoliére et al., 2016). Plass and Kalyuga
(2019) found that affect increases cognitive load by triggering additional processing—
including both task-relevant (i.e., the processing of emotion takes up space in working
memory) and task-irrelevant processing (i.e., shifting attention away from relevant
information).

In light of these findings, decision makers may rely on non-compensatory decision
strategies in affect-rich choices to adapt to the possibly reduced availability of cognitive
resources. Importantly, in previous strategy classification analyses, a marked proportion of

participants used a compensatory strategy even in affect-rich choice (e.g., up to 30% in Pachur
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et al., 2014). As such, one way of testing whether increased use of non-compensatory strategy
in affect-rich choice is due to cognitive constraints is to introduce further constraints. The
present study sought to test this possibility by examining whether adding a further constraint,
time pressure, amplifies the difference in decision behavior in affect-rich choice. Time pressure
is assumed to constrain decision-making by increasing stress, thereby reducing available
cognitive resources (Maule & Hockey, 1993; Na, 2021; Payne et al., 1988, 1996; Rieskamp &
Hoffrage, 2008; Sweller, 1994; Wickens, 1992; Wright, 1974). Comparing four types of
cognitive load manipulations, Deck et al. (2021) found that time pressure produced comparable
decreases in task performance as a variety of dual-task manipulations (simultaneous number
memorization task, visual pattern task, and an auditory recall task). In the decision-making
literature, several studies have observed that time pressure increases people’s reliance on non-
compensatory strategies (e.g., Oh et al., 2016; Payne et al., 1988; Rieskamp & Hoffrage, 2008),
reduces attention to probability information, and increases attention to negative outcomes (e.g.,
Huber & Kunz, 2007; Young et al., 2012). Given that the affect gap seems to be due to a greater
reliance on a strategy that neglects probability information and focuses on outcome information
(Pachur et al., 2014), time pressure might lead to a further amplification of the affect gap.
Alternatively, if the use of a non-compensatory strategy in affect-rich choice is not primarily
driven by increased cognitive constraints, then time pressure could either not alter the affect
gap or even reduce it, by increasing the use of a non-compensatory strategy in affect-poor
choice under time pressure. !

In our study, we used a risky choice paradigm (adapted from Pachur & Galesic, 2013,
Pachur et al., 2014) that contrasts affect-rich choice (between medical lotteries) and affect-poor
choice (between monetary lotteries) and included a between-subjects time pressure

manipulation. In one condition, participants made their decisions without time constraints. In

! We are grateful to an anonymous reviewer for highlighting this possibility.
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the other condition, participants were instructed to make a choice as fast as possible—a
common procedure to induce time pressure (e.g., Glockner & Hodges, 2011; Wu et al., 2022).2
Using a strategy classification approach, we classified participants as following a
compensatory expected value (EV) strategy, which predicts that participants would choose the
option with the better EV (i.e., the multiplication of a possible loss/gain with its probability of
occurring) or the non-compensatory affect heuristic (Finucane et al., 2000), which predicts that
participants would choose the option whose worst outcome is associated with the least bad self-
reported affect rating, regardless of the outcome’s probability of occurring. We expected (i) to
replicate the affect-gap, such that in the affect-rich condition there is lower decision quality,
higher risk aversion, and more pronounced reliance on the non-compensatory affect heuristic
than in the affect-poor condition; and (i1) that, to the extent that the affect gap is driven by
cognitive constraints in affect-rich choices, these patterns should be more pronounced under
time pressure.
3.2. Method
3.2.1. Participants

We recruited 162 participants from a Bachelor level introductory course on Psychology,
at UCLouvain, Belgium. A sample of 153 participants was included in the data analysis (75
female [78 male], average age: 19.16 years, age range: 18-34 years). The sample size was based
on Popovic et al. (2019), who also adapted the risky choice paradigm to include a between-
subjects factor. Nine participants were excluded from the analysis due to technical issues
during data collection (they could not complete the entire experimental session). The study was

performed in line with the principles of the Declaration of Helsinki. Approval was granted by

2 We used this implementation of time pressure (rather than giving people a fixed short time limit) as it reduces
the possibility that participants will make a random choice (guess) in order to fit the time limit. Additionally, this
manipulation is less artificial and previous literature showed that time pressure effects on strategy selection do
not differ across different implementations of time pressure (Glockner & Hodges, 2011).
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the institutional ethics review committee of the Psychological Sciences Institute of UCLouvain
(IPSY; #2022-31).
3.2.2. Design

Our experimental paradigm consisted of three tasks: 1) a monetary evaluation task, 2)
a risky choice task, and 3) an affective evaluation task. The experiment involved a 2 (time
pressure: time pressure vs. no time pressure) by 2 (anticipatory affect: rich [medical] vs. poor
[monetary]) mixed design. Time pressure during the risky choice task was manipulated
between-subjects, and anticipatory affect was manipulated within-subjects. Participants were
randomly assigned to time pressure (n = 80) and no time pressure groups (n = 73). All
participants completed all three tasks, with the instructions for the risky choice task differing
across time pressure groups. The experiment was programmed in PsychoPy 2021.2.3 (Peirce
etal., 2019).

Monetary evaluation task. At the onset of the study, participants were asked to imagine
that they had a severe but treatable illness (see Figure 6A for an example). They were told that
there are two equally effective medications to treat this illness. One of the medications always
leads to a side effect lasting for about a week, while the other never leads to any side effect.
For each of 12 side effects (memory loss, depression, hallucinations, speech disorder, insomnia,
dizziness, itching, diarrhea, fever, trembling, flatulence, and fatigue; taken from Suter et al.,
2016) they would encounter in the study, participants were asked to indicate how much money
they would be willing to pay (WTP) extra for the package of medication that did not result in
that side effect.

Risky choice task. Next, participants were presented with a risky choice task (see Figure
6B for an example). Both affect conditions (affect-rich vs. affect-poor; presented as separate
blocks) involved 30 structurally equivalent choice problems, resulting in 60 trials overall. To

ensure structural equivalence between affect-rich and affect-poor choice problems, the affect-
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poor choice problems were constructed by replacing the side effects in the medical lotteries
(i.e., the affect-rich condition) with each participant’s indicated monetary equivalents (WTP)
in the monetary evaluation task. Figure 6 shows an example of this: if a participant indicated
in the monetary evaluation task that they would be willing to pay 40€ more for a packet of
medication that would not result in insomnia, then the affect-rich option, in which medication
A would entail a 10% probability of experiencing insomnia, would have an equivalent affect-
poor option in which a person has a 10% of losing 40€. The choice problems were taken from
Popovic et al. (2019) and Suter et al. (2016) and involved a wide range of probabilities, ranging
from 0.3% to 100%. They were created such that the occurrence of choice problems with a
dominant option (i.e., where an option’s outcome was both less aversive and less probable)
would be minimized.> The order in which the affect-rich and affect-poor conditions were
presented was counterbalanced across participants. They then received an introduction to the
task and worked on a practice phase where they completed five trials of each condition. The
time pressure group was instructed to give their responses in the risky choice tasks as fast as
possible, while the no time pressure group was instructed to take their time making the choices.
In each trial of the affect-rich condition, people choose between two medications, each
resulting in a side effect with a given probability. In the affect-poor condition, participants
chose between two monetary loss lotteries. Between trials, there was a 1—2s jittered intertrial
interval.

As we were also interested in measuring participants’ perceived stress across the
experiment, participants were asked to rate how stressed they currently felt on a scale from 1
(=not at all) to 5 (= extremely) at three time points: right before the risky choice task (baseline)

and right after completing the affect-rich choice task and after the affect-poor risky choice task.

3 Nonetheless, due to the variability in the WTP amounts across participants, in our study there was a dominant
option (i.e., one where one of the options is superior both in terms of outcome and probability) in 15% of trials
across all participants. Sensitivity analyses excluding these trials were conducted and any differences in results
are reported. Detailed information on the sensitivity analyses can be found in the Supplemental Material.
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After each part of the risky choice task (i.e., affect-rich vs. affect-poor), participants could take
a self-timed break. The stress ratings allowed us to explore whether the time pressure
manipulation had a general effect on the perceived stress and whether there were differences
in perceived stress after performing the affect-rich and affect-poor choice problems.

Affective evaluation task. In the third and final task (see Figure 6C), participants were
presented with each of the possible outcomes from the risky choice task, from both the affect-
rich and the affect-poor conditions, and asked to indicate how upset they would feel if they
were to experience the outcome (on a 10-point Likert scale: 1 = not at all upset, 10 = extremely
upset)

Figure 6.

Graphical illustration of the tasks

A. Monetary Evaluation

B. Risky Choice Task

C. Affective evaluation

How much would you be willing to Affect-nch condition How upset would you feel if
pay extra for a package of Medication A Medication B you were to experience
medication that does not result Insomnia?
in: Insomnia Fever o
Insomnia: 40€ 10% 80% 1 10
Eaiiai: 10€ not atall extremely

upset upset
Affect-poor condition
How upset would you feel if

Lottery A Lottery B you were to lose 40€7?
-40€ -10€ Y
1 10
10% 80% not at all extremely

upset upset

Note. In panel A participants are first asked to provide their willingness-to-pay (WTP) to
avoid each side effect, which provides the monetary equivalents for the monetary lotteries in
the risky choice task. In panel B we see an example of a choice problem in the affect-rich
(medical) and affect-poor (monetary) condition. In Panel C. we see how people had to give
an affect rating for each outcome encountered in the risky choice task.

3.2.3. Statistical Analyses

All analyses were implemented in R 4.2.2 (R Core Team, 2021), and mixed-effects

models were implemented using the Ime4 package (Bates et al., 2015). In the mixed-effects
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models, the predictors were tested by leaving out one predictor at a time and comparing the
full and reduced models using a y>-test. The results of these model comparisons for each
predictor are reported. Tables S1, S2, and S3 in the supplementary materials report the
descriptive statistics for all relevant variables in the analyses. Study materials, anonymized
dataset, and R scripts are openly available on the Open Science Framework (OSF) platform at

https://osf.io/r2emf/ (DOI 10.17605/0SF.IO/R2EMF).

Decision quality. As a proxy of decision quality, we first determined the proportion of
trials in which each participant selected the option with better EV.# To determine whether time
pressure affected the probability of picking the option with the better EV, we ran a mixed-
effects logistic regression predicting whether a person chose the option with the more favorable
EV on a given trial, with time pressure, affect, and their interaction as fixed effects. Random
effects included random intercepts for participants and choice problems. Additionally, because
EV maximization and risk attitude can be empirically confounded, we included a binary fixed
effects covariate indicating whether the option with higher EV was also the more risky option,
as indexed by whether the option had the higher coefficient of variation (CV) (more details
under risk attitude). Note that the differences in EV and CV across choice problems were only
weakly correlated across the stimulus set (7 = 0.09).

Risk attitude. We analyzed the risk attitude implied by participants’ choices in the
affect-rich and affect-poor conditions. To this end, we calculated the CV for each lottery and
determined whether participants picked the more risky option (i.e., the option with the higher
coefficient of variation; Pachur et al., 2017; Weber et al., 2004). To test whether the probability
of choosing the more risky option differed between affect and time pressure conditions, we

used mixed-effects logistic regression. The dependent variable was binary, indicating whether

4 This does not imply that the decision maker necessarily perceives the option with higher EV as the most
attractive option. Nevertheless, the proportion of choices of the option with the higher EV is commonly
considered a proxy for decision quality (e.g., Pachur et al., 2017; Zilker et al., 2020; Zilker, 2024) and indicates
how frequently the option is chosen that will lead to the higher payoff in the long run.
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a person picked the more risky option on a given trial or not. We included affect, time pressure,
and their interaction as fixed effects. Furthermore, to control for potential confounds between
risk attitude and EV maximization, we included as a fixed-effect covariate a variable indicating
whether the more risky option was also the one with the better EV. As random effects, we
included random intercepts for participants and choice problems.

Strategy classification. Following Pachur and Galesic (2013), we used a maximum
likelihood approach for strategy classification. We modeled participants’ choices using two
strategies: the compensatory expected value (EV) strategy and the non-compensatory affect
heuristic (Finucane et al., 2000). The choices for each affect and time pressure condition were
modeled separately. We then classified participants as following the EV strategy, the affect
heuristic, or other strategy/guessing (ct. Pachur & Galesic, 2013). To do so, we calculated the
goodness-of-fit index G for each participant i and strategy k across N choice problems:

Giz,j = —2 Zﬂ-v=11n [fi ()] (Eq. 1)
A lower G indicates a better model fit. The probability with which a strategy predicts an
individual’s choices y at lottery problem j is represented by fi(y). If a choice matches the
prediction of the strategy, then fi(y) = 1-eix; if the choice does not match the strategy’s
prediction, then fi(y) = &ix, where ¢ (which was estimated from the data) represents a given
participant’s i strategy application error (0 < ¢ < .5) for strategy k across all choice problems.
Participants were then classified as following the strategy with the best goodness of fit. If for
a participant the G of the best strategy was not better than the value of G’ under random choice
(i.e., assuming fi(y) = .5) the participant was classified as guessing (or using another strategy).
As a measure of classification confidence, we calculated the Bayes Factor (BF) based on the
differences of the Bayesian Information Criterion (BIC) of the best and second-best performing

strategy (Eq. 2):

BF = exp (—5ABIC) (Eq. 2)
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The BIC for best and second-best performing strategy was calculated as follows: BIC = G? +
1*log(ntiais). We report the median (across participants) BF for each condition.

Affect ratings. Participants provided a rating of negative affect for each of the possible
outcomes of the risky choice task. To examine whether there was a difference in affective
ratings between the side effects and the corresponding monetary losses, we used a mixed-
effects linear regression with type of outcome (side effect vs. monetary loss) as a fixed effect
and random intercepts for participants and stimuli.

Response times. To check the effectiveness of the time pressure manipulation, we
compared response times across time pressure conditions. Response times that were 3 SD from
the mean were considered outliers and excluded. We also excluded response times under
100ms, as this constitutes the assumed minimum perceptual threshold to give a response
(Whelan, 2008). This resulted in the exclusion of 1.77% of trials across all participants. For the
statistical analyses, response times were log-transformed and analyzed with linear mixed-
effects model with affect condition, time pressure, and their interaction as fixed effects, and
random intercepts for participants.

3.3.  Results

Response times of participants’ choices were considerably faster in the time pressure
(Mdn = 2.97 seconds, IOR = 2.4) than in the no time pressure (Mdn = 4.76 seconds, IOR =
4.67) conditions. This was corroborated statistically by a main effect of time pressure on the
log-transformed response times (y*> = 64.08, p < 0.001), suggesting that the time pressure
manipulation was successful. Additionally, there was an interaction between affect and time
pressure (y*> = 33.58, p < 0.001). Specifically, as can be seen in Figure 7, in the condition
without time pressure, response times were faster for the affect-rich choices than for the affect-

poor choices, whereas in the condition with time pressure, response times for the affect-poor
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and affect-rich choices did not differ. Sensitivity analyses showed that these patterns were
robust when including the outliers.

Responses on the stress item were analyzed using an ANOVA and pairwise
comparisons between conditions with Bonferroni correction for multiple comparisons. There
was a significant interaction between time pressure and affect condition, F(1.78, 268.9) = 6.49,
p =0.003. Figure S1 in the supplementary materials suggests that the interaction is driven by a
reduction in stress from baseline to the risky choice task in the condition without time pressure
(baseline: M =2.16, SD = 1.12, affect-poor: M = 1.85, SD = 0.98, affect-rich; M = 1.88, SD =
1.01), whereas there was no such reduction in stress in the time pressure condition (baseline:
M =1.98, SD = 0.98, affect-poor: M = 2.00, SD =0.99, affect-rich: M = 2.05, SD = 1.03).
Importantly, however, post-hoc tests correcting for multiple comparisons did not indicate that
for any of the three stress measurement points (baseline, after affect-rich choice task, after
affect-poor choice task) there were significant differences between the conditions. Note,
however, that the stress ratings were collected either before or between rather than during the
risky choice tasks, so they do not necessarily reflect the level of stress experienced when

participants made their choices.
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Figure 7.

Median response times across conditions

5.0 1
4.54
c Time pressure
0]
g 4.0 —e— No time pressure
= —e— Time pressure
3.51
3.0 4 +'/_//4
Affect'—poor Affec't—rich
Condition

Note. Error bars represent the bootstrapped 95% confidence interval about the median.

3.3.1. Affective Evaluation Task
As shown in Figure 8, the affect ratings were higher for the side effects than for the

monetary losses, x> = 547.11, p < 0.001. This confirms that the medical outcomes were

relatively more affect-rich than the monetary outcomes.
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Figure 8.

Affective evaluation of the side effects and their monetary equivalents

Memory loss 1
Depression 1
Hallucinations 1
Speech Disorder 1
Insomnia §

Condition
Dizziness
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|

Itching 1 —o— Affect-rich

I

Diarrhea

Fever 4 —

Trembling 1 —

Flatulence A

Fatigue 1
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Mean rating

Note. Shown are the mean affect ratings of each side effect and its monetary equivalent with
error bars representing the 95% confidence intervals about the mean.
3.3.2. Monetary Evaluation Task
The monetary equivalents of the side effects ranged between 0—2000€ (Mdn = 15€, M
=25.11€). The medians and the lower and upper quantiles of the monetary equivalents for each
side effect are displayed in Figure S2 in the supplementary materials.
3.3.3. Risky Choice Task
Decision quality. Controlling for risk aversion, participants chose the option with the
higher EV more often in the affect-poor (No time pressure: M = 82.3%, SE = 9.2%; Time
pressure: M = 80.4%, SE = 8.8%) than the affect-rich condition (No time pressure: M = 64.4%,
SE = 8.6%; Time pressure: M = 66.1%, SE = 8.4%). As shown in Figure 9A, however, there

was a significant interaction between affect and time pressure on this proxy measure of decision
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quality, ¥>(1)=4.13, p < 0.05. The affect gap was attenuated in the time pressure condition (vs.
no time pressure), as evidenced by an increased probability of choosing the option with the
better EV in the affect-rich condition, but a decreased probability in the affect-poor condition.
However, in analyses in which the trials in which there was a dominant choice option were
excluded, the interaction was no longer significant; instead, there was only a main effect of
affect, whereby participants chose the option with better EV more often in affect-poor than in
affect-rich choices (please refer to Table S4 and S5 in the supplementary materials for result
comparisons of sensitivity analyses).

Risk attitude. Controlling for decision quality across affect conditions (specifically
whether the more risky option was also the option with the better EV), there was a significant
interaction between time pressure and affect on predicting the probability of choosing the more
risky option, x?(1) = 10.58, p < 0.001. Specifically, as shown in Figure 9B, the difference
between the affect-rich and affect-poor conditions in risk aversion was somewhat reduced in
the time pressure condition relative to the condition without time pressure. Rather than

increasing the affect gap, time pressure thus seemed to reduce the gap slightly.
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Figure 9.

Decision quality and risk attitude across conditions
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Note. Panel A shows the probability that participants chose the option with the better EV
across conditions (decision quality); Panel B shows the probability with which participants
chose the more risky option across conditions (risk attitude). Error bars represent the 95%
confidence interval.

Strategy classification. Figure 10 shows the proportion of participants classified as
using the EV strategy or the affect heuristic, or as guessing (or using another strategy). As can
be seen, whereas for the affect-poor choices the majority of participants were classified as using
the EV strategy (i.e., time pressure: 81.25%; no time pressure: 89.04%), for the affect-rich
choices the majority of participants were classified as using the affect heuristic (i.e., time
pressure: 61.25%; no time pressure: 61.64%), replicating previous findings (e.g., Pachur &
Galesic, 2013; Popovic et al., 2019). This affect gap in strategy selection was corroborated by
a three-way log-linear analysis conducted with JASP (JASP Team, 2024), using time pressure,
affect, and strategy as factors. The final model retained affect and strategy, whose interaction

was significant (5 = 0.511, p <0.001). Most importantly, note that the differences in strategy

selection between the affect-rich and the affect-poor conditions were unaffected by the time
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pressure manipulation. Time pressure thus did not alter the affect gap in terms of strategy
selection. Table 3 reports the median Bayesian Information Criterion (BIC) and median Bayes
Factor (BF) for each condition, supporting the conclusions from the log-linear analysis.

A mixed ANOVA showed that the estimated strategy application error (¢) for the best-
fitting strategy was higher in the affect-rich (Mdn = 0.233 [IQR = 0.13]) than in the affect-poor
condition (Mdn = 0.167 [IQR = 0.133]; F(1, 140) = 50.818, p < 0.001), but that there was no
difference between time pressure conditions (F(1, 140) = 0.567, p = 0.453). Only very few
participants were classified as guessing (affect-poor: n =7 [4.57%], affect-rich: n =4 [2.61%)]).

Table 3.

Median Bayesian Information Criterion (BIC) and Bayes' Factor (BF) for decision strategies
across conditions

No time pressure Time pressure
Strategy Affect-poor Affect-rich Affect-poor Affect-rich
BIC BF BIC BF BIC BF BIC BF
EV 26.96 2110 38.19 10.15 30.43 696 38.19  10.15
strategy
Affect 33.43 27.49  38.19 22.9 35.99 3 34.71 16.36
heuristic

Note. While lower BIC values indicate better model performance, a greater value for the
Bayes’ Factor represents greater classification confidence. Values between 3-10 are generally
considered to provide moderate evidence, 10-30 strong evidence, 30-100 very strong
evidence, and anything above 100 as extreme evidence (Lee & Wagenmakers, 2013).
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Figure 10.

Classification of strategy use across conditions
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3.4. Discussion

The affect gap refers to differences in decision behavior between affect-rich and affect-
poor choices. Specifically, relative to affect-poor choices, in affect-rich choices, participants
maximize EV less and show higher risk aversion; the affect gap seems to reflect a greater
reliance on a simpler heuristic decision-making strategy that neglects probability information
for affect-rich choices (Lejarraga et al., 2016; Pachur et al., 2014; Pachur & Galesic, 2013;
Popovic et al., 2019; Suter et al., 2016). In this article, we examined a possible explanation for
the affect gap, according to which high anticipatory affect may constrain cognitive resources
available to the decision maker. To test this possibility, we collected affect-rich and affect-poor
choices both with and without time pressure. We predicted that if the affect gap reflects a

response to added cognitive constraints in affect-rich choices, the aforementioned differences
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in decision behavior under affect-rich choice would be increased under time pressure. Our
results replicated the affect gap and showed that participants showed less EV maximization and
were more risk-averse in the affect-rich than in the affect-poor condition; we also found them
to be more likely to select the non-compensatory affect heuristic in the former than in the latter.
Importantly, however, contrary to our cognitive constraint hypothesis, the difference between
the affect-rich and affect-poor conditions in the proportion of participants classified as using
the non-compensatory affect heuristic was not impacted by time pressure. Although under time
pressure, participants responded equally fast for affect-rich and affect-poor choices, the affect
gap emerged similarly. This suggests that the affect gap is not driven by a reduction in available
cognitive resources in affect-rich choice.

What else could be driving the affect gap, if not cognitive constraints? One possibility
is that the gap reflects a motivational shift in strategy selection that results from people aiming
more strongly to minimize “regret” in the affect-rich than in the affect-poor choices. High
anticipatory affect may lead participants to prioritize avoiding regret over increasing the chance
of not experiencing a side effect. Regret minimization could also help explain the seemingly
deliberate avoidance of probability information (cf. Fulawka et al., 2024), evidenced by the
increased use of the non-compensatory affect heuristic in the affect-rich choices. Anxiety and
the minimization of disappointment and regret have all been linked to avoidance of potentially
useful information (see Golman et al., 2017). Alternatively, as affective information tends to
be salient to decision makers, the difference between affect-rich and affect-poor choices may
simply reflect the attention drawn by the affect-rich outcome at the expense of attention paid
to the probability information. Needless to say, these considerations are speculative and post-
hoc and should be investigated more specifically in future research.

In contrast to previous results on the effects of time pressure on affect-poor choices

(i.e., monetary lotteries; Oh et al., 2016; Payne et al., 1988; Rieskamp & Hoffrage, 2008), we
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did not find a difference in strategy selection between time pressure conditions for the affect-
poor choices. This could be due to the type of time pressure manipulation we used, which
consisted of a self-paced approach instructing participants to decide as fast as they could. This
procedure might have allowed participants to adaptively respond to time pressure, such as
through an acceleration of information processing (e.g., Maule & Hockey, 1993). Such an
adaptation may also explain why the time pressure group did not report feeling more stressed
than the no time pressure group, despite their response times in the risky choice task being
substantially shorter. Time pressure has also been shown to impact decision behavior
differently on simple decision tasks (such as the binary choices we used) versus complex
decision tasks, in that rather complicated decision processes can be maintained under time
stress if the choice task is relatively simple (Zakay, 1993). We employed the current
implementation of time pressure because under stricter time pressure manipulations,
individuals might simply become more error-prone (Olschewski & Rieskamp, 2021).
Interestingly, time pressure had an impact on the affect gap in terms of EV
maximization and risk aversion; however, rather than amplify differences in decision behavior
under affect-rich choice, time pressure decreased the affect gap (somewhat). With regard to
risk aversion, this was due to slightly lower risk aversion under time pressure (vs. no time
pressure) in the affect-rich condition. With regard to EV maximization, there was a slight
increase in EV maximization for affect-rich choice under time pressure (vs. no time pressure),
and a decrease for affect-poor choice. One possible explanation for this finding is that in at
least some trials in the affect-rich condition, participants might have responded to the time
pressure by comparing the options on the (numerical) probabilities rather than the
(nonnumerical) outcomes, choosing the option with the less likely side effect. Similarly, in the
affect-poor condition, participants may have responded to the time pressure by focusing on

some trials on outcome over probability information. Importantly, however, the interaction
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effect for EV maximization did not hold when analyses were repeated while excluding trials
that contained a dominant option, whereas the finding that participants were less likely to
choose the option with better EV in affect-rich compared to affect-poor choices, regardless of
time pressure, was maintained.

Our results have implications for considerations of how to overcome the affect gap, that
is, to reduce the neglect of probability information to make a decision (cf. Futawka et al., 2024).
Recall that to make the best choice when choosing between medical treatments, it is crucial to
also take into account the probability of different possible outcomes. How can we ensure that
people also attend to the probabilities of affect-rich outcomes and thus reduce the affect gap?
Our results indicate that simply giving people ample time to decide is not effective in reducing
the affect gap. Expanding on regret minimization as one of the alternative explanations we have
discussed, previous literature on regulatory focus (Higgins, 1998) suggests that prevention-
focused individuals are more likely to engage in regret minimization, while promotion-focused
individuals are more likely to engage in utility maximization (Lim & Hahn, 2020).
Interventions that encourage a promotion focus—for instance, by reframing choices in a way
that increases the salience of promotion-focused regret (i.e., regret centered on missing out on
a positive outcome, such as a high chance of not experiencing any loss) (Leder et al., 2013) —
may help to reduce the affect gap.

A limitation of our study is that we only considered choice problems with negative
outcomes. It therefore remains to be investigated how anticipatory affect and time pressure
might interact in choice problems with positive outcomes. In addition, we used participants’
self-reported WTP amounts of the side effects to calculate the expected value in the affect-rich
condition. Since these monetary equivalents are noisy and contain a degree of uncertainty and
because the EV may be a distant latent signal in the medical choices, the differences between

affect-rich and affect-poor choices may also be attributable to format effects. While we cannot
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fully exclude this possibility, it is important to note that previous research has shown that the
WTP provided by participants are reliable over time (Pachur & Galesic, 2013) and that the
affect gap also emerges when in the affect-rich task the side effects are presented alongside
their WTPs, thus facilitating numerical computations (Suter et al., 2016). Finally, we used EV
maximization as a proxy of decision quality, which might be debatable given that decision
makers are usually not risk neutral. Nevertheless, EV maximization reflects the degree to which
the decision maker chooses the option with the highest returns in the long run, and therefore
reflects an important property of choice behavior.
3.4.1. Conclusion

In conclusion, the findings of the current study suggest that the affect gap is not driven
by increased cognitive constraints under affect-rich choice. In fact, with regards to decision
quality and risk attitude the affect gap seemed to be slightly reduced under time pressure, rather
than amplified. Instead of a reduction in cognitive resources, the selection of a non-
compensatory strategy for affect-rich choices that ignores probability information may be

driven by motivational factors, such as the goal to minimize regret.
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Abstract

Predicting the emotional impact of future events is paramount to cognition and guides decision-
making through a process known as affective forecasting. Yet, when outcomes are emotionally
bivalent (i.e., positively and negatively valenced), for example, medical treatments involving
both remission and adverse side effects, such forecasts are prone to inaccuracies. Here, we used
functional MRI to investigate the neural mechanisms of affective forecasting in scenarios
involving emotionally complex trade-offs, and how these are shaped by attentional deployment
— an emotion regulation process by which we direct attention toward or away from given
aspects of an outcome. In the current study, participants imagined undergoing a medical
treatment offering relief from chronic pain but causing other side effects, while instructed to
forecast their emotions while attending either to the positive (remission) or negative (side
effect) component of the outcome. Univariate results demonstrate that attentional deployment
modulates neural activity related to forecasting emotions. While negative affective forecasting
recruits the insula and frontal pole, positive affective forecasting recruits the superior frontal
gyrus and frontal pole. Multivariate results highlight that a broad network including sensory,
valuation, emotion, and memory circuits differentially contributes to positive and negative
affective forecasting. Results highlight that attentional deployment during affective forecasting
results in distinct recruitment of brain regions related to positive and negative affective
processing, and centers the frontal pole as a key region in maintaining the emotion regulation
goal.

Keywords. Affective forecasting, attentional deployment, fMRI
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4.1. Introduction

Affective forecasting, the ability to predict our future emotional reactions to events, is
central to how humans plan and make decisions. Yet, despite its importance, previous research
shows that we are not always accurate forecasters, particularly when choice outcomes evoke
bivalent (i.e., mixed valence) or conflicting emotions (Gilbert & Wilson, 2009). fMRI studies
on the anticipation of emotional events have highlighted the involvement of emotion
processing regions such as the ventromedial prefrontal cortex (vinPFC) (Bray et al., 2010;
D’ Argembeau et al., 2008; Knutson & Greer, 2008; Sharot et al., 2007), amygdala (Sharot et
al., 2007), and insula (Greenberg et al., 2015; Knutson & Greer, 2008), as well as reward-
processing related regions for the anticipation of positive events, such as the ventral striatum
(Greenberg et al., 2015; Knutson & Greer, 2008), and self-referential processing, such as the
posterior cingulate cortex (PCC) (D’Argembeau et al., 2008; Sharot et al., 2007). However,

these studies have only used univalent stimuli to elicit a singular emotional experience.

Our study advances this body of work by investigating the neural underpinnings of
affective forecasting when individuals anticipate events that elicit mixed emotions, such as the
experience of a treatment that may alleviate a disease but also cause adverse side effects.
Specifically, we examined how attentional deployment, the strategic focusing on certain
aspects of a future event, influences neural activity during affective forecasting with bivalent
stimuli. Attentional deployment is an emotion regulation strategy (Gross, 1998; Mauss et al.,
2007) by which people focus their attention on certain aspects of a situation to influence their
emotional response. For instance, a PhD candidate with an upcoming defense may choose to
focus their attention on the anticipated joy of finishing the PhD, rather than the anticipated

anxiety of having to present in front of a jury.
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Mis-predicting our emotions can have consequences for our actions, and these may be
especially important for medical choices, in which we have important trade-offs to consider.
For example, Hoerger and colleagues (2016) have shown that affective forecasting uniquely
contributes to medical decision-making for the use of chemopreventive medications for women
at risk of breast cancer. They find that there is a negative forecasting bias for preventive
medications, as women are worried that their health-related stress will increase if they take the
medication. In line with this finding, a recent meta-analysis on affective forecasting in medical
decision-making has shown that patient tend to overestimate their quality of life when they
expect health improvements and underestimate their quality of life when they expect health
deterioration (Bosch et al., 2021). Such results suggest that patients may selectively attend to
positive (negative) anticipated emotions when expecting health improvement (deterioration).
In fact, Peters and colleagues (2006) have argued that in medical decision-making, affect serves
as a spotlight, resulting in more focused attention on some information than others. As such, it
is important to better understand the neural mechanisms underlying attentional deployment in

the context of complex emotional trade-offs that are often present in medical decision-making.

To our knowledge, only one study to date has investigated the neural mechanisms of
attentional deployment in affective forecasting with bivalent stimuli. Kruschwitz and
colleagues (2018) combined monetary gains (losses) with aversive (pleasant) sounds,
instructing individuals to anticipate the positive (i.e., a monetary gain or a pleasant sound) or
negative part of the outcome (i.e., a monetary loss or aversive sound). They found that shifting
attention towards the positive outcome revealed activations in the PCC, ventral striatum, and
vmPFC. In contrast, when anticipating the negative part of the outcome, the insula became
active (Kruschwitz et al., 2018). Thus, focusing on the anticipation of the positive part of a
bivalent outcome seems to recruit emotion processing and reward-related regions, whereas

focusing on the negative part recruits emotion processing regions specific to negative affect.
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We expand on this work by investigating more complex trade-off scenarios that might
be encountered in medical decision-making. To this end, we developed a cue exposure
paradigm in which participants would have to engage in affective forecasting in response to a
hypothetical treatment, while either focusing on the positive part of the treatment (i.e.,
remission from illness) or the negative part of the treatment (i.e., a side effect). The paradigm
was first validated behaviorally to ensure that participants are able to project themselves into
these medical scenarios and engage in attentional deployment. We then implemented the
paradigm in the functional Magnetic Resonance (fMRI) scanner. Based on the literature
highlighted above, we anticipated that regions relevant to future prospection of emotional
events would become active, including the ventromedial prefrontal cortex (vmPFC),
(para)hippocampus, medial parietal regions, and lateral temporal cortex (D’Argembeau et al.,
2008). Given that mental simulation tends to recruit the brain regions active during the
simulated events, we also expected emotion processing regions, such as the amygdala, to
become active (Holmes & Mathews, 2010). Furthermore, based on Kruschwitz and colleagues’
(2018) results and other work on the neural mechanisms of attentional deployment (Li et al.,
2022; Liu et al., 2020), we anticipated that directing attention toward the negative part of the
bivalent outcome would engage the insula, and focusing on the positive part would engage the

ventral striatum, as well as superior and medial frontal gyrus.

We used fMRI to measure brain activity while participants imagined future scenarios
involving medical treatments with both positive (remission of disease) and negative (side
effects) aspects. We further asked participants to rate the encountered stimuli (i.e., side effects)
according to how familiar they were with them and how distressed they would feel if they had
to experience them. Finally, participants rated the vividness with which they could forecast
their emotions in the focus remission and focus side effects conditions. These ratings allowed

us to investigate whether brain activity is modulated by familiarity with the stimuli, how much
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negative affect the stimuli elicit, and the vividness with which they are able to project
themselves. Regarding the modulation of activity through familiarity, we anticipated that
unfamiliar side effects would result in additional engagement of hippocampal activity, as
previous work has suggested the hippocampus is recruited to a greater degree for unfamiliar
future events (Sasse et al., 2015). We did not have hypotheses regarding the modulation of
brain activity by affect or vividness. However, previous research has highlighted that increased
activity in reward-related brain regions was significantly associated with increased levels of
anticipated pleasure and relief, and increased insula activity was associated with increased
levels of anticipated negative affect (Kruschwitz et al., 2018). From a behavioral perspective,
vividness is relevant as more vivid prospection is associated with greater affective arousal (Van
Boven & Ashworth, 2007), has been shown to mediate the link between anticipatory affect and
behavioral intentions (Mazzoco et al., 2019), and moderates the effectiveness of episodic future
thinking on intertemporal choice (Rosch et al., 2022). Additionally, vividness of prospection
has been shown to modulate neural activity (Lee et al., 2021; Aupperle et al., 2021; Saint-

Laurent et al., 2015).

4.2. Behavioral validation
4.2.1. Method

To ensure that the experimental task is feasible for participants, we conducted a
behavioral validation of the experimental task. In a first step, we selected the stimuli by
conducting an anonymous 5-minute survey (n = 181) in which participants rated the perceived
severity of 30 side effects on a scale of 1 (not at all severe) to 5 (extremely severe). Included
side effects were all potential side effects of common analgesics. The nine side effects with the
highest and lowest ratings were selected for a total of 18 side effects. In a second step, we

invited participants for a lab experiment in which they would perform the cue exposure task,
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which would be used in the MRI. The procedure for the behavioral validation is described
below.
4.2.1.1. Participants

52 participants were recruited at the Belval campus of the University of Luxembourg
(Age: M = 26.12[4.86], Female = 35, Male = 16, undisclosed = 1). Participants had to be at
least 18 years old, have unimpaired or corrected vision, and not currently experiencing physical
or mental disorders. Data collection took place in the CLIPS laboratory at the University of
Luxembourg, and ethical approval was received from the institutional ethics board (ERP 23-
090 AftMed).

4.2.1.2. Experimental task and procedure

Upon arrival in the laboratory, participants were asked to read the information notice
and sign the informed consent form. Once informed consent was obtained, participants
received task instructions. First, participants were given the following illness description:

“Imagine that you have been suffering from chronic pain for the last two years.
Every day, you feel pain throughout your body. This chronic pain has had a
considerable impact on your life. At times, you are unable to work, eat properly,
take part in physical activity, or enjoy life. Without treatment, your condition will
never improve.”

They were asked to take a moment and imagine as vividly as possible what their life
would be like under these conditions. Following this, they were introduced to the cue-exposure
paradigm. They were informed that there was a medication that could cure their chronic pain,
but it entailed a side effect. During the task, they would be presented with side effects across
two different conditions: (i) a side effect and (ii) a remission condition. In the side effect
condition, participants were instructed to project as vividly as possible their emotional state in

response to having to experience the side effect. In the remission condition, they were asked to
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project as vividly as possible their emotional state in response to experiencing remission from
their chronic pain despite the indicated side effect. Each condition consisted of three blocks
with six trials each. Participants encountered 18 side effects (dry mouth, flatulence, itching,
chills, loss of appetite, fatigue, constipation, irritability, weakness, memory loss, hallucinations,
depression, speech disorder, shortness of breath, anxiety, hair loss, blurry sight, insomnia) that
repeated across conditions. Order of conditions alternated consecutively, and the starting
condition was counterbalanced across participants (i.e., if a person started with the side effect
condition, the next block would be remission, followed by side effect, etc.). At the onset of
each block, participants received a cue indicating which condition they were in (5s). A trial
occurred as follows: 1) 1-3s intertrial interval (ITI), 2) stimulus presentation during which they
had to engage in affective forecasting (10s), 3) participants gave a rating on the vividness of
their projection, the level of anticipated distress, and the level of anticipated relief on a 5-point
Likert scale ranging from 1 (not at all vivid/distressed/relieved) to 5 (extremely
vivid/distressed/relieved). At the end of the task, participants answered four post-experimental
questions: 1) Did you find it difficult to project yourself into these scenarios?, 2) Were you able
to switch focus between focusing on the negative (side effect condition) and the positive
(remission condition)?, 3) Did you have enough time to visualize each event?, and 4) Across
the 36 trials did you project any other feelings/emotion other than distress or relief?
4.2.2. Statistical analyses

We tested whether vividness, distress, and relief ratings differed significantly across
conditions using linear mixed effects models, computed in R Studio (R Core Team, 2021) using
Bates and colleagues' (2015) Ime4 package. We determine whether there are significant
differences by testing a full model that includes condition against a null model that does not,

using a likelihood ratio test.
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4.2.3. Results

Vividness of projection

Average ratings of the vividness of projection were quite high for both side effect (M
=4 .13, SD = 0.97) and remission (M = 4.09, SD = 0.95) condition, and did not differ
significantly as tested by a linear mixed effects model with vividness rating as the outcome,
condition as a fixed effect and subject ID and side effect as random effects (random intercept)
(1) =0.8,p=0.37).
Emotion ratings

Comparing a model that includes condition as a fixed effect to a null model without
condition revealed a significant effect of condition on both anticipated distress (y°(1) = 108.36,
p <0.001) and anticipated relief (y°(1) = 198.3, p < 0.001). Random effects included random
intercepts over subjects and stimuli. Specifically, the estimated beta values indicate that distress
ratings are higher in the side effect compared to the remission condition (# = 0.49, se = 0.04)
and relief is lower in the side effect compared to the remission condition (f=-0.66, se = 0.05).
Post-experimental questions

A large majority of participants indicated that they did not find it difficult to project
their emotions (43 out of 52), were able to switch focus between side effect and remission
conditions (43 out of 52), and had enough time to project their emotions (44 out of 52). The
most commonly mentioned emotions other than distress or relief were sadness (mentioned 11
times) and anger (8 times), but relief and distress seemed to capture the anticipated emotions
quite well.

4.2.4. Discussion

The purpose of the behavioral validation was to ensure that participants were able to

engage in affective forecasting with these hypothetical medical outcomes and that they were

able to selectively attend to the positive (remission) or negative (side effect) parts of the
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outcome. Overall, the results of the behavioral validation were favorable. Participants were
able to engage in affective forecasting, as highlighted by the high ratings of vividness of
projection. They also succeeded in focusing their attention on the positive and negative sides
of the outcomes, as evidenced through the significant differences in anticipated distress and
relief across side effect and remission conditions. As such, we decided to move forward with

the fMRI experiment.

4.3. fMRI experiment

4.3.1. Method
The study was preregistered at (https://osf.io/u9qpb).

4.3.1.1. Participants
34 participants were recruited from the UC Louvain campus in Belgium. Participants
were healthy volunteers and met the following eligibility requirements: at least 18 years old,
no major physical or psychological disorders (including chronic conditions), no shrapnel,
electrical, or mechanical implants, and not currently pregnant. Interested participants were pre-
screened for eligibility criteria and invited to participate. Imaging took place in
October/November 2024 at the Ghent Institute for Functional and Metabolic Imaging on the
premises of the Gent University hospital (UZ Gent), Belgium. The study was in accordance
with the Declaration of Helsinki and was approved by the ethics review boards of Gent
University (ONZ-2023-0663) and the University of Luxembourg (ERP 24-030 MedCast).
4.3.1.2. Experimental task and MRI procedure
Following informed consent and safety screening procedures, participants were
introduced to the experimental task. Figure 11 describes the cue-exposure task performed in
the scanner. The task did not differ from the behavioral validation, except that participants did
not provide ratings after each stimulus, and the inter-trial interval was adjusted to 3- 5s for

design efficiency. Additionally, due to feedback that some of the side effects were perceived as
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more severe than chronic pain, we updated the stimulus list to less severely rated side effects,
resulting in the following 18 side effects: Dry mouth, flatulence, itching, chills, loss of appetite,
fatigue, constipation, irritability, headache, insomnia, confusion, vomitting, shortness of
breath, anxiety, hair loss, blurry sight, chest pain, and fever.

Figure 11.

Cue-exposure task
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Note. Depicted is the procedure for a block of the ‘side effect’ condition and the ‘remission’
condition. To help participants remember the condition throughout the blocks, stimuli are
framed in red for side effect and green for remission conditions.

4.3.1.3. Post-task questionnaires

After the experimental task, participants were asked to complete three rating scales and
a questionnaire. The three ratings scales asked participants to provide 1) a rating of how
distressing they would find each side effect on a scale from 1 (not at all distressing) — 5
(extremely distressing), 2) how familiar (i.e., previous experience) they are with each side
effect on a scale from 1 (not at all familiar) — 5 (extremely familiar), and 3) How vivid on

average their projection for side effect and remission condition was on a scale from 1 (not at

all vivid) — 5 (extremely vivid). Finally, participants filled out the RAND-36 questionnaire,
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which measures participants’ global physical and mental health, to ensure that participants do
not vary considerably in their current health states. Tables S6 and S7 in the supplementary
materials show the descriptives of the rating scales.
4.3.1.4. Brain imaging data acquisition

The experimental task was implemented using Python and PsychoPy on an IBM-
compatible computer. Imaging was conducted on a 3T Siemens MAGNETOM Prisma scanner
at the Gifmi center, UZ Gent. 176 slice T1-weighted anatomical images were obtained using
an MPRAGE sequence (TE = 4.18ms, TR = 2250ms, flip angle = 9°, 1-mm slice thickness).
Fieldmaps were acquired using standard Siemens magnetic field maps using a multi-echo
gradient echo acquisition (TR = 588ms, TE 1 = 4.92ms, TE 2 = 7.38ms, flip angle = 60°).
Finally, the fMRI scan used a z-shim gradient echo EPI sequence (TE= 31ms, TR=1070ms,
flip angle = 52°, voxel size = 2.5%2.5%2.5mm?).

4.3.1.5. Preprocessing of imaging data

Image preprocessing steps included: motion correction, distortion correction, co-
registration, normalization, and spatial smoothing. All steps were implemented in the fMRI
Expert Analysis Tool (version 6.0, part of the FSL package, FMRIB software library). Motion
correction was implemented using FSL’s MCFLIRT algorithm, which uses a linear
interpolation, designating the middle volume as the initial template. All participants
demonstrated less than 1.0mm of absolute or relative motion; as such, no participants were
excluded. Data was then temporally high-pass filtered. Geometric distortions caused by
magnetic field inhomogeneities were corrected using the acquired field maps. To do so, the
first magnitude image was brain extracted using FSL’s bet2 algorithm, and the edges were then
further eroded using the -ero function. We then used the fsl prepare fieldmaps function to
transform the units of the phase difference image into radians per second. FSL’s BBR

registration was used to co-register the anatomical and functional images using the information
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from the field maps to correct for geometric distortions. Normalization into MNI space was
performed using FSL’s FNIRT algorithm to perform a non-linear transformation. Finally,
images were spatially smoothed using a 5-mm FWHM Gaussian kernel.
4.3.2. Statistical Analyses
4.3.2.1. Whole-brain univariate analysis

To compare blood-oxygen-level-dependent (BOLD) activity during side effect and
remission conditions, we implemented a general linear model in FSL with the following
explanatory variables (EVs): onsets for side effect trials (EV1), onsets for remission trials
(EV2), parametric modulation (PM) assessing familiarity for side effect trials (EV3), PM
assessing familiarity for remission trials (EV4), PM assessing affective evaluation of side effect
for side effect trials (EV5), PM assessing affective evaluation of side effect for remission trials
(EV6). We included six standard motion parameters as nuisance regressors. For group-level
analyses, we performed a mixed-effects analysis using FLAME 1, with a height threshold of z
> 3.1 and a cluster probability of p < 0.05 with family-wise error (FWE) correction for multiple
comparisons across the whole brain.

4.3.2.2.  Multivariate analysis

We further conducted an exploratory multivariate intersubject pattern analysis using a
whole-brain searchlight approach (Wang et al., 2020). Beta values for EV1 (side effect trials)
and EV2 (remission trials) were extracted from the univariate whole-brain GLM analysis. We
then implemented a leave-one-subject-out cross-validation schema using Nilearn (Python
v.3.9.20). Using a logistic regression as a classifying algorithm, all subjects but one were used
as a training set, with the one left out participant left as the test set. This was repeated until we
had a single-fold accuracy map for every participant. To get a final accuracy map, we used n =
1000 non-parametric permutations with correction for multiple comparisons at an FWE

threshold of p < 0.05 in SnPM (v13.1.09).
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4.3.3. Results
4.3.3.1. Univariate analyses

Side effect vs. remission conditions. Activations for this contrast are shown in Figure
12A, and Table S8 with all clusters and subclusters can be found in the supplementary
materials. For the “side effect minus remission” contrast, we see three clusters of activations.
The first (cluster size = 209) has its peak of activation in the left frontal pole (-36 ,62, -6; Zmax
=4.32). The second cluster of activation (cluster size = 169) peaks in the right planum polare
(50, 6, -8; zmax = 4.09) and extends into the temporal pole. The third cluster (cluster size = 119)
peaks in the left insular cortex (-40, -2-, 10; zmax = 4) and extends into the central opercular
cortex and planum polare. The “remission minus side effect” contrast resulted in two clusters
of activation, the first of which (cluster size = 492) peaks in the right middle frontal gyrus (36,
25, 52; zmax = 4.91) extending into the superior frontal gyrus. The second cluster (cluster size

= 283) peaks in the right frontal pole (26, 50, 8; Zmax = 3.98).
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Figure 12.

Univariate whole-brain activation for side effect and remission conditions

A.

Note. Panel A and B show activations for “side effect minus remission” and “remission minus
side effect” respectively. These images were thresholded using FSL FLAME 1, with a height
threshold of z> 3.1 and a cluster probability of p <.05, FWE corrected for multiple
comparisons across the whole brain.

Affective forecasting vs baseline. We found six clusters for the “side effect minus
baseline” contrast (see Figure 13A). The first cluster (cluster size = 2068) peaks in the insular
cortex (-40, 8, -2, zmax = 5.26) and extends into opercular cortices, inferior frontal gyrus, and
temporal pole. The second cluster (cluster size = 1742) peaks in the left occipital pole (-24, -

98, -8, zmax = 6.28) and extends into the inferior lateral occipital cortex. The third cluster

(cluster size = 1307) peaks in the left juxtapositional lobule cortex (-4, 6, 58, Zmax = 5.37) and
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extends into the superior frontal gyrus. The fourth cluster (cluster size = 1263) is centered on
the right occipital pole (32, -96, - 4, zmax = 6.19) and extends into inferior lateral occipital
cortex. Cluster five (cluster size = 399) is in the right cerebellum crus I and II (38, -80, -36,
Zmax = 4.74). Finally, the sixth cluster (cluster size = 252) peaks in the central opercular cortex
and extends into the insular cortex, inferior frontal gyrus, and frontal and temporal pole (46,
10, 0, Zmax = 4.92).

For the “remission minus baseline” contrast, we found another seven clusters (see
Figure 13B). The first (cluster size = 1642) peaks in the left juxtapositional lobule (-6, 8, 64,
Zmax = 5.68) and extends into the superior frontal gyrus, paracingulate gyrus, and frontal pole.
The second cluster (cluster size = 1544) is centered on the left occipital pole (-24, -96, -6, Zmax
= 6.75) and extends into the inferior lateral occipital cortex. The third cluster (cluster size =
1478) peaks in the inferior frontal gyrus (-50, 16, 0, zmax = 5.35) and extends into the frontal
opercular cortex and frontal pole. The fourth cluster (cluster size = 1184) spans the same
regions as the second cluster but in the right hemisphere and also peaks in the occipital pole
(32, -94, -2, zmax = 6.17). Cluster five (cluster size = 583) spans the left frontal pole (-34, 58,
10, zZmax = 4.55). The last two clusters are in the right cerebellum, one spanning Crus I (cluster
size = 178, 44, -62, -28, Zmax = 4.61), the other Crus I and II (cluster size = 150, 28, -80, -40,

Zmax = 4.56). A table of activations (Table S9) can be found in the supplementary materials.
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Figure 13.

Univariate whole-brain activations for affective forecasting

A.

Note. Panel A shows the contrast for “side effect minus baseline” and Panel B shows “remission
minus Baseline”. These images were thresholded using FSL FLAME 1, with a height threshold
of z>3.1 and a cluster probability of p <.05, FWE corrected for multiple comparisons across
the whole brain.

Parametric modulation of familiarity. No significant activation was observed when
comparing the PM of familiarity between side effect and remission conditions.

Parametric modulation of emotion. We did not find parametric modulations of
emotion at a height threshold of z > 3.1. At a more lenient threshold of z > 2.3, we did find six
clusters in the ‘side effect minus remission’ condition (see Figure 14A). The first cluster (cluster
size = 1608) peaks in the right cerebellum in region VI and extends into right VII and Crus I
(30, -60, -26, zmax = 3.92). The second cluster (cluster size = 1570) peaks in the left superior
lateral occipital cortex and extends into the precuneus, cuneal cortex, and occipital pole (-16, -
74, 58, zmax = 3.39). The third cluster (cluster size = 602) peaks in the left cerebellum in region

Crus I and extends to left VI (-42, -58, -28, zmax = 3.5). Cluster four (cluster size = 552) peaks

in the left middle frontal gyrus and extends into inferior frontal gyrus, precentral gyrus, and



103

postcentral gyrus (-40, -2, 62, zmax = 3.49). Cluster five (cluster size = 513) spans the left and
right thalamus (0, -8, 8, zmax = 3.95) and extends into the caudate. Finally, cluster six (cluster
size = 443) peaks in the right precentral gyrus and extends into the middle frontal gyrus,
superior frontal gyrus, and precentral gyrus (50, 4, 50, Zmax = 3.53).

We also found three significant clusters of activation in the PM for emotion in the
‘remission minus baseline’ contrast (see Figure 14B). The first (cluster size = 654) peaks in the
left lateral occipital cortex and extends into the angular gyrus (-50, -66, 40, Zmax = 3.39). Cluster
two (cluster size = 606) peaks in the left frontal pole and extends into medial frontal cortex (-
46, 52, 0, Zmax = 3.61). Cluster three (cluster size = 509) peaks in the left middle temporal gyrus
and extends into the inferior and superior temporal gyrus (-66, -32, -18, zmax = 4.1). A table of
activations (Table S10) can be found in the supplementary materials.

Figure 14.

Results for the parametric modulation (PM) of distress

Note. Panel A shows PM for “side effect minus baseline” contrast, and Panel B shows PM for
“remission minus baseline” contrast. Results were computed using FSL FLAME 1 with a
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height threshold of z > 2.3 and a cluster probability of p < 0.05, FWE corrected for multiple
comparisons across the whole brain.

Parametric modulation of vividness. With regards to parametric modulation of the
vividness of projection we found one cluster for the parametric weights of the vividness for
side effects (cluster size = 121, -56, -26, 24, Zmax = 4.18) in the ‘side effect minus baseline’
contrast, which peaks in the supramarginal gyrus, and extends into postcentral gyrus and
Central/parietal operculum cortex.

4.3.3.2. Multivariate analysis

The intersubject pattern analysis (ISPA) uncovered a wide network of regions that are
able to discriminate between side effect and remission conditions (see Figure 15). Specifically,
six clusters were identified. Cluster 1 (cluster size = 1867) peaks in the right thalamus (22,-32.-
4) and extends into the right hippocampus, parahippocampal gyrus, and posterior cingulate
cortex. The second cluster (cluster size = 3343) peaks (2, -68, 60) in the precuneus cortex and
extends into the cuneal cortex, lateral occipital cortex, and postcentral gyrus. Cluster 3 (cluster
size = 1279; 3, -20, 18) spans the left putamen and caudate, as well as extending into the left
accumbens and amygdala. Cluster 4 (cluster size = 3947; -40, -44, -16) peaks in the left
temporal fusiform cortex, temporal occipital fusiform cortex, inferior temporal gyrus, middle
temporal gyrus, and extends into the cerebellum. Cluster 5 (cluster size = 755; 26, -66, 6) peaks
in the right intracalcarine cortex and extends into the occipital pole and the lingual gyrus.
Finally, cluster 6 (cluster size = 1334; 12, 14, -4) peaks in the right caudate, extending into the

right putamen and insular cortex as well as frontal orbital cortex.
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Figure 15.

Results of the intersubject pattern analysis

Note. Depicted are the clusters of voxels that significantly decoded side effect and remission
conditions across participants. They were computed using n=1000 non-parametric
permutations with correction for multiple comparisons using an FWE threshold of p < 0.05.

4.4. Discussion

The current investigation sought to identify the neural correlates underlying affective
forecasting in complex, bivalent medical decision contexts and to determine how attentional
deployment influences this process. We extend prior work on affective forecasting by shifting
focus from simple, often univalent stimuli (e.g., monetary gains and losses) to more
ecologically valid and emotionally complex scenarios.

4.4.1. Selectively anticipating the good and the bad

The contrasts for side effect and remission conditions partially confirmed our
hypotheses. Focusing on the positive part of the outcome (i.e., remission) was associated with
increased activity in the superior frontal gyrus and the frontal pole. These regions are
implicated in both cognitive control and emotion regulation. Notably, the frontal pole has been
linked to manipulating representations held in working memory (Kroger & Kim, 2022),
managing competing goals (Mansouri et al., 2017), and prospective thought (Okuda et al.,
2003). Within our study, its activity may reflect the deliberate maintenance of the emotion
regulation goal. Similarly, the superior frontal gyrus (SFG) has been implicated in attentional
deployment towards gains in risky choices (Liu et al., 2020, 2017). Liu and colleagues (2017)

investigated the role of attentional deployment on reducing regret in risky choice and showed
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that the SFG activity increased when participants had to focus on collected gains as opposed to
missed chances. This result was interpreted in line with the idea that negative information
automatically captures attention (Kahneman & Tversky, 1979; Tom et al., 2007; Vuilleumier
& Schwartz, 2001) and that focusing on gains thus requires more effort. Consequently, the
prefrontal activations in our study in response to focusing on remission do not seem to reflect
generic emotion processing but rather appear to reflect the strategic deployment of attention
during the simulation or anticipation of positive emotional outcomes.

Consistent with earlier findings (Kruschwitz et al., 2018) and in line with our
hypotheses, directing attention towards the negative part of the outcome (i.e., side effects)
engaged the bilateral insula. The insula is a region that is broadly associated with interoception
(Critchley et al., 2004; Fermin et al., 2022; Hassanpour et al., 2018; Zaki et al., 2012),
emotional processing (Craig, 2009; Duerden et al., 2013; Zaki et al., 2012), and aversive
prediction (Liljeholm et al., 2014; Sarinopoulos et al., 2006; Wicker et al., 2003; Wright et al.,
2004). Its activation in our study supports the idea that paying attention to the negative part of
an outcome when anticipating our future emotional state recruits circuits that simulate
embodied emotional states, particularly ones related to aversion or distress. This may
particularly be the case when envisioning side effects, as anticipating one’s affective state in
response to a side effect might entail a simulation or recall of the physical sensations associated
with this side effect.

The fact that the frontal pole was active in both side effect and remission conditions
further highlights that this region may serve as a valence-independent hub for the integration
of emotional and goal-related information, rather than exclusively supporting positive or
negative affective anticipation. This interpretation would align with recent models positioning
the frontal pole as a key region for emotional set-shifting and emotion regulation (Roelofs et

al., 2023).
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4.4.2. Multivariate analyses highlight a distributed representational network

The intersubject pattern analysis (ISPA) revealed a broad network of regions capable
of differentiating positive and negative forecasting. Consistent with previous work on future
prospection of emotional events, these included the posterior cingulate cortex, hippocampus,
parahippocampal cortex, and lateral temporal cortices (D’ Argembeau et al., 2008; Sharot et al.,
2007). These areas are thought to contribute to the construction and contextualization of
emotional simulations, drawing on autobiographical memory and spatial processing resources.

Importantly, the fact that reward-sensitive (ventral striatum and orbitofrontal cortex)
and emotion-processing regions (amygdala and insula) were included in this network
highlights that core circuits for valuation and emotion are differentially engaged depending on
the regulatory goal (i.e., focus positive or negative). This bolsters the idea that affective
forecasting engages partially distinct neural representations depending on whether the focus is
placed on gains or losses.

We further observed contributions from sensorimotor and cerebellar regions, which
suggests that affective forecasting involves multisensory integration and embodied simulation.
This is particularly intriguing in light of recent literature suggesting that the cerebellum plays
a role in emotional and cognitive processing (Baumann & Mattingley, 2022; Ciapponi et al.,
2023; Van Overwalle, 2024).

4.4.3. Frontal activity reflects forecasting complexity

Compared to previous research on affective forecasting using simple gains and losses,
our task elicited more anterior frontal activations, including the robust engagement of the
frontopolar cortex across conditions. We interpret this to be reflective of the cognitive and
emotional complexity inherent to the task. Forecasting, in the context of medical trade-offs,
requires the participants to handle emotionally conflicting information, sustain task-relevant

attentional goals, and simulate their future affective state, all of which place demands on high-
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order cognitive systems. Additionally, while care should be taken in interpreting parametric
modulation results at a more lenient threshold, the parametric modulation of distress ratings in
the remission condition highlighted increased frontopolar activity for increasing distress
ratings, suggesting that as side effects become more aversive it becomes more effortful to
maintain the focus on the positive part of the outcome. This would be in line with the negativity
bias often observed in the literature, by which negative affect tends to attract attention through
its motivational salience in signaling threat.
4.4.4. Limitations and future directions

Our study has some limitations. Firstly, the moderate sample size reduced our statistical
power for detecting more subtle modulations of neural activity, such as parametric effects of
familiarity. Furthermore, while our focus was purely on anticipation, our use of hypothetical
scenarios in which participants do not experience the actual outcomes limits the interpretability
of the results to real-world medical decision-making. It would be essential for future work to
investigate these processes in patient populations who have to deliberate on treatment options.
Furthermore, given that we used a healthy student sample, caution is warranted when
generalizing to older populations who may have more experience with health problems or to
individuals with chronic conditions. Additionally, we did not have hypotheses regarding the
parametric modulation of distress and vividness, and as such, results should be replicated with
stimulus sets that systematically vary these variables, allowing for a more fine-grained and
informed investigation of these modulations. For instance, results from the parametric
modulation of distress highlight a negativity bias, suggesting that maintaining focus on the
positive is more effortful the higher the anticipated distress. This result would need to be further

validated in a larger sample.
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4.4.5. Conclusion

Our findings demonstrate that attentional deployment modulates the neural activity
related to affective forecasting in response to emotionally bivalent and medically relevant
scenarios. We support prior work showing the selective engagement of the insula for the
anticipation of negative events. The superior frontal gyrus, on the other hand, was involved in
the anticipation of positive events. We find the frontal pole to be central to strategically
regulating attention during emotionally complex prospection. Furthermore, multivariate results
suggest a large and distributed network supports differential representations of gain and loss
anticipation, spanning emotion, valuation, memory, and sensory integration systems. Our
results underscore the neural complexity that underpins our ability to forecast future feelings,

particularly when there are important emotional trade-offs and outcomes are consequential.
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5. Discussion

The current PhD thesis aimed to advance our understanding of the role of future-oriented
affect (i.e., anticipatory and anticipated affect) in decision-making and its interaction with
attentional processes. The thesis comprises three experimental studies. Across the first two
studies, we investigated the effect of anticipatory affect in decision-making under risk. In the
third study, we investigated the neural correlates of anticipated affect and how neural activity
is modulated through the strategic focusing of attention on the positive or negative part of an
outcome. To address the aims of the thesis, we employed a wide range of methodologies,
including computational modeling, psychophysiology, and brain imaging. This allowed for a
well-rounded investigation of the impact of future-oriented affect on decision-making. The
following sections will review the main results from the three experimental studies, followed
by a discussion of the implications of the thesis, as well as its limitations and directions for

future research.

5.1. Study 1 & 2 - Anticipatory affect and decision-making under risk

The primary goal of study one was to investigate the psychophysiological markers of
affect during decision-making in the affect gap. As a brief reminder, the affect gap describes
systematic differences in decision behavior when anticipatory affect is high (affect-rich choice)
vs. low (affect-poor choice). A secondary goal of the study was to investigate the sensitivity of
the affect gap and psychophysiological measures to different levels of affective engagement
and whether there were downstream effects of affect on participants’ mood. We found
significant differences in affective arousal across affect-rich and -poor choices, as indexed by
skin conductance response amplitudes. Higher levels of anticipatory affect led to more risk-
averse decisions and the use of simpler, non-compensatory decision-making strategies. This

study was the first to provide direct evidence for differences in anticipatory arousal across



117

affect-rich and affect-poor choices. With regards to the secondary aims of the study, we show
that the affect gap is robust to differences in affective engagement and persists even when
making decisions for others. Furthermore, anticipatory affect did not translate into modulations
of participants’ state affect. The results were interpreted in line with the risk-as-feelings
(Loewenstein et al., 2001) and affect-as-information (Clore & Storbeck, 2006; Schwarz &
Clore, 2007) hypotheses, which center affect as a source of information in decision-making. A
vast literature supports the idea that emotional valuations can outweigh cognitive or calculative
ones, especially when decisions elicit high anticipatory affect. For instance, emotions are said
to take precedence over cognitive evaluations when these clash (Loewenstein et al., 2001),
emotional heuristics outperformed cognitive ones in predicting public choice on presidential
elections (Wang, 2008), and under high uncertainty, people rely more on emotional processing
in decision-making (Faraji-Rad & Pham, 2017).

Study two built on this work by investigating an alternative hypothesis for the effect of
anticipatory affect on decision behavior under risk. Concretely, it has been suggested that the
processing of affective information consumes cognitive resources (Channon & Baker, 1994;
Eysenck, 1998; Kensinger & Corkin, 2003), leaving fewer resources for decision processes,
thus resulting in simpler, less effortful decision strategies. To this end, we compared affect-rich
and -poor choices of two groups of participants, one group that was asked to take their time to
make a decision, and another that was put under time stress, thus taxing their cognitive
resources. Our results did not support a cognitive constraint hypothesis. Rather, results support
conclusions from the first study and show that the affect gap is robust to the influence of time

pressure.



118

5.2.  Study 3 - Anticipated affect: Affective forecasting and its modulation
through attentional deployment

The third study aimed to investigate the neural correlates of affective forecasting for
complex gains and losses and the modulation of the neural activity through attentional
deployment. We show that when participants are instructed to focus on the positive or negative
part of a bivalent outcome while engaging in affective forecasting, neural circuits for positive
and negative affect are selectively recruited. We further show that the frontal pole is a key
region for maintaining the top-down emotion regulation goal (i.e., focus positive/negative).
This supports recent frameworks centering the frontal pole as playing an essential role in
emotion awareness and regulation (Bramson et al., 2019; Roelofs et al., 2023). Results from
the parametric modulation of neural activity through distress ratings of the stimuli indicate that
maintaining focus on the positive part of the outcome was more effortful as the distress ratings
increased. Meanwhile, focusing on the negative aspect of a stimulus while affective forecasting
seems to result in more embodied emotion simulations, as suggested by the bilateral insula
activation. Finally, compared with previous research on the neural correlates of affective
forecasting with simple gains and losses, such as monetary ones, we see that activity is shifted

relatively more anterior, reflecting the increased complexity of the forecasts.

5.3. Attention and future-oriented affect

The first two studies highlight the attention-capturing effect of emotionally salient
information (Brown, 2022; Calvo & Nummenmaa, 2016; Compton, 2003; Ohman, 1997;
Pessoa & Ungerleider, 2004; Robinson, 1998; Smith et al., 2003). We show that when choices
elicit high anticipatory arousal, attention is directed towards the outcomes of a decision, at the
expense of attention paid to probability information. This is reflected in the increased use of
the affect heuristic in affect-rich choice. The affect heuristic assumes that participants will

consider the “goodness” or “badness” of the outcomes and will choose the outcome that elicits
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the highest positive emotion or lowest negative emotion (Finucane et al., 2000). Presumably,
as a consequence of this attention-capturing effect and its downstream effects on information
processing, we also observe increased risk aversion and fewer expected value maximizing
choices in affect-rich decisions.

In the third study, we asked participants to apply a type of emotion regulation strategy
that involves exogenous attention. In other words, participants had to strategically focus
attention to achieve an emotion regulation goal, i.e., focus on positive/negative. We showed
that top-down modulation of attention changes the neural circuits that are activated when
engaging in affective forecasting. For example, when attention is directed towards the positive
part of the outcome, then reward-based neural circuits are recruited. Regardless, we still found
evidence for the negativity bias (i.e., negative affect is more salient and captures attention more
easily than positive affect), as suggested by the parametric modulation of neural activity in the
focus positive condition. With increasing distress ratings for the stimulus, activity in frontal
regions, important for top-down processes of regulation and inhibition, increases when having
to maintain focus on the positive.

These results highlight how intricately affect and attention are linked. Disentangling
their effects can be difficult, and the downstream effects on information processes have

important implications for decision behavior.

5.4. Implications

Given that both anticipatory and anticipated affect can modulate information
processing, the implications for the findings of this thesis are quite broad. One important
implication is that future-oriented affect will impact a person’s risk perception. For instance,
Slovic and colleagues (2000) have shown that forensic practitioners were more likely to
discharge patients when the risk of violent offending was expressed as a frequency rather than

a percentage. Authors argue that these alternate formats create different mental images that
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change the emotional character of the message, thus resulting in changes in decision behavior.
Furthermore, individuals often base their risk evaluations on “gut feelings”, with positive gut
feelings resulting in an evaluation of high benefit-low risk and negative gut feelings in low
benefit-high risk evaluations (Rakow et al., 2015). Results converge on the idea that under
affect-rich conditions, what is possible (i.e., the potential outcome) becomes more important
than how likely it is (Rottenstreich & Hsee, 2001; Sunstein, 2002). Consequently, effective risk
communication becomes essential, especially in contexts such as medical decision-making in
which we need to ponder emotionally salient information that can be hard for us to understand.
For instance, a person considering different treatment options may neglect an important piece
of information, namely, probability. A wealth of research has investigated how to best
communicate risk information, and specifically probability information. A recent review on
how to present probability information effectively (Bonner et al., 2021) has highlighted four

key recommendations:

1) Standardize format used: use frequencies or percentages over a set period of time
with a clear denominator

2) Enable unbiased comparison: choose risk formats that allow for unbiased
comparisons between outcomes and interventions

3) Tailor to patient needs: address the needs of patients who differ in numeracy by
drawing attention to numbers, doing mathematical operations for the reader and using
targeted evaluative explanations of the numbers (e.g., “high risk™)

4) Use consistent formats: Use consistent formats across outcomes and interventions

wherever possible.
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Such decision aids are generally used to eliminate undue influence of emotions on the
decision process and to ensure proper understanding and consideration of all relevant pieces of
information. On the flip side, we have approaches that seek to leverage future-oriented affect
for positive behavioral change. For instance, anticipatory worry and anticipated regret have
received considerable attention in the medical decision-making literature as an effective tool to
increase preventive health behaviors such as vaccinations (Chapman & Coups, 2006) and
genomic testing (Gillman et al., 2023). Further examples of uses of emotion to “nudge” people
in the right direction are the aversive images and warnings we find on cigarette packaging.
While such interventions have received support, it is worthwhile to consider the ethical
implications of nudging people. For example, it would be inappropriate to use nudging to bias
a person’s treatment decisions.

A further implication of this research is that decision behavior is highly context-
dependent. Researchers should be cautious in generalizing results from studies using relatively
simple and limited sets of stimuli. Models of decision behavior should be validated across
contexts to ensure that they are robust to influences of emotion, format effects, and context-

specific elements.

5.5. Limitations of the thesis and future directions

There are several limitations to consider for this body of work. First, we used healthy
student samples from WEIRD (Western, Educated, Industrialized, Rich, and Democratic)
countries. We should thus be cautious in generalizing results to other populations. Patient
treatment decisions, for instance, are embedded in a particular social and affective context that
is hard to simulate in the laboratory. Second, we used hypothetical outcomes for all
experiments; as such, care should be taken to replicate results using real outcomes. Third, the
experiments on the affect gap have explored two relevant hypotheses for what could be driving

the affect gap. This does not exclude that alternative interpretations are possible. For instance,
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it is conceivable that it is not just anticipatory affect alone that drives changes in decision
behavior in the affect gap. Participants may also use anticipated affect, such as anticipated
regret. Thus, regret minimization could be a driver of decision behavior in affect-rich choices.

Info box three describes future directions that would address these limitations.

e Improve ecological validity: validate findings in patient
populations, use proxies for social context of medical decisions
(e.g., say one of medications is recommended by their doctor,
patient treatment testimonials; etc.), include real outcomes

¢ Rule out alternate hypotheses: investigate the role of anticipated
affect in the affect gap, ¢.g., by modeling choices using regret
minimization frameworks

e Replicate: replicate findings, specifically findings which were not
hypothesized a priori, such as the frontopolar activity in Study 3,
is it active when using different stimulus sets reflecting complex
gains and losses?

5.5.1. Future directions building on current research

Sometimes, the easiest way to find out why a person is behaving the way they are is to
ask them. Using a mixed-methods approach, which integrates qualitative methods with
quantitative ones, could be a useful avenue for understanding the affect gap. For instance, a
think-aloud protocol could be implemented during the choice task for the affect gap paradigm.
This would allow to get an insight into participants’ decision process during decision making.
A further important avenue for future research would be to investigate how to reduce the affect
gap. For example, one could use the risk communication guidelines outlined earlier (see
implications) to present choice alternatives to the participants and see whether the use of visual

arrays such as pie charts or population frequency displays would modulate the affect gap.
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Building on the results of study three, we could validate the non-hypothesized
frontopolar activations by employing stimulus sets that are also embedded in a complex
affective context, but differ in the content of prospections. Given the current political and actual
climate of the world, seeing whether bivalent political or climate change-related forecasts
would result in similar sets of activations. This would clarify the frontal pole’s role in
maintaining and/or implementing top-down emotion regulation goals when prospecting about
complex gains and losses. Lastly, given the importance of affective forecasting for our
decisions, researching interventions that can improve affective forecasts becomes crucial.
Current directions in the literature involve improving emotional intelligence through emotion
education interventions (Ellis et al., 2018; Ferrer et al., 2011), mindfulness interventions (Hong
et al., 2016), as well as narrative patient testimonials (Hundal et al., 2024; Shaffer et al., 2016).
These show initial promise for improving the accuracy of forecasts. Whether training to
improve affective forecasts would modulate its neural signatures remains to be investigated

and would allow a better understanding of the mechanisms driving affective forecasts.

5.6. Conclusion

The current PhD thesis examined the role of both anticipatory and anticipated affect in
decision-making. The findings of the three experimental studies underscore the significant role
of anticipatory emotions, revealing their capacity to shape choices and alter decision-making
strategies. Specifically, heightened anticipatory arousal fosters risk-averse behavior and
promotes the use of simplified, non-compensatory decision-making approaches. Notably,
attention plays a crucial role in moderating the influence of affect, as observed in the
modulation of neural circuits associated with affective forecasting through attentional
deployment.

This body of work highlights how intricately interwoven affect and cognition are. This

challenges dual system views promoting cognition as a purely “rational” and deliberative
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process, and emotion as a “hot” process that hijacks cognition. Instead, the work provided in
this dissertation supports a more integrated view of affect on cognition. From a behavioral
perspective, we show that affect can influence decision-making by drawing attention and
prioritizing information, which can in turn lead to a more simplistic approach to decision-
making. From a neural perspective, we show that even frontal regions, which are more typically
associated with cognitive functions, play a key role in emotion processing and regulation.
These results suggest that affective dimensions exert a considerable influence on cognitive and
information processes. Our comprehension of decision-making mechanisms is significantly
enhanced by acknowledging the significance of emotions, paving the way for novel avenues of
investigation and practical implementation in domains such as economics, healthcare, and

policy formation.
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Abstract
Enactive cognition emphasizes co-constructive roles of humans and their environment in
shaping cognitive processes. It is specifically engaged in the mental simulation of behaviors,
enhancing the connection between perception and action. Here we investigated the core
network of brain regions involved in enactive cognition as applied to mental simulations of
physical exercise. We used a neuroimaging paradigm in which participants (N = 103) were
required to project themselves running or plogging (running while picking-up litter) along an
image-guided naturalistic trail. Using both univariate and multivariate brain imaging analyses,
we find that a broad spectrum of brain activation discriminates between the mental simulation
of plogging versus running. Critically, we show that self-reported ratings of daily life running
engagement and the quality of mental simulation (how well participants were able to imagine
themselves running) modulate the brain reactivity to plogging versus running. Finally, we
undertook functional connectivity analyses centered on the insular cortex, which is a key region
in the dynamic interplay between neurocognitive processes. This analysis revealed increased
positive and negative patterns of insular-centered functional connectivity in the plogging
condition (as compared to the running condition), thereby confirming the key role of the insular
cortex in action simulation involving complex sets of mental mechanisms. Taken together, the
present findings provide new insights into the brain networks involved in the enactive mental

simulation of physical exercise.

Keywords: brain imaging, fMRI, action simulation, enactive cognition, physical exercise,

running, plogging, insular cortex.
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Introduction

The seamless merging of perception and action is essential for navigating daily life and
engaging effectively with our environment. This dynamic can be understood as a form of
“know-how” reflectivity leading to the formation of enactive cognitions that allow humans to
form a sense of “what” and “when” to reflect on while interacting with their environment
(Gallagher, 2005, 2011, 2017). These enactive processes of action simulation are crucial for
potentializing the execution of actions that are adapted to the constant flow of information from
the environment (Araujo et al., 2006, 2010, 2019; Carvalho et al., 2013; Correia et al., 2012).

Research using functional magnetic resonance imaging (fMRI) has provided key
insights into the understanding of action simulation processes. In particular, imagined
movement has long been used as a relevant marker for studying the brain mechanisms
underlying action simulation. A seminal finding from this literature is that the actual
performance of a motor task and its mental simulation share overlapping neural substrates
(Gerardin et al., 2000; Jeannerod & Decety, 1995). Meta-analyses of fMRI studies showed that,
beyond this mere overlap between actual action and its mental simulation, the latter recruits an
extended neural network including fronto-parietal-temporal regions, insular cortex, premotor
areas, cingulate cortex, as well as subcortical (putamen, caudate, thalamus, and pallidum) and
cerebellar regions (Filgueiras et al., 2018; Hétu et al., 2013). By triggering such an extended
network of brain regions, action simulation has been conceptualized as a covert stage of action
(i.e., a motor domain that does not involve overt movement) that supports various patterns of
self-projection mechanisms, such as motor imagery, action planning, mental navigation, or
prospective memory (Buckner & Carroll, 2007; Jeannerod, 2001). Besides, recent advance in
neuroimaging research evidenced that this covert stage of action can unfold into different maps
of brain networks, which underlie more advanced stages of mind body integration (e.g., the

planning and implementation of action mapped by the cingulo-opercular “action-mode”
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network; Dosenbach et al., 2024; postural control and action planning by the somato-cognitive
action network; Gordon et al., 2023).

Currently, most action simulation fMRI tasks require participants to imagine an action
without any external input from the environment (i.e., participants perform the task with their
eyes closed and/or without guidance from visual or auditory stimuli; Filgueiras et al., 2018;
Hétu et al., 2013). Several fMRI studies have also used conditions involving the observation
of'an action (video of a dynamic landscape or walking on a path from a first-person perspective;
Pellicano et al., 2021; Zhao et al., 2020) or exposure to objects associated with specific overt
actions (e.g., pictures of tools; Buchwal et al., 2018). However, while these studies contributed
to the identification of the brain mechanisms underlying perceptual processes that are
precursors of overt actions, they have not used perceptual conditions that require participants
to project themselves into the actual performance of an action guided by external cues, as in
everyday human-environment interactions.

Fewer fMRI studies have investigated action simulation by using experimental tasks
that mimic life-like interactions. In a seminal paper from Cross and colleagues (2006), a sample
of highly skilled dancers were instructed to imagine themselves performing the same dance
movements as dancer models featured in a video projected in the scanner's laboratory
environment. Participants were also asked to self-assess their ability to perform the dance
sequences. Thus, an important distinction between the action simulation paradigm used in
Cross et al.’s (2006) study and those typically used in the fMRI literature (including “mirror
neuron” studies, which typically require monitoring and interpreting the actions of others;
Kilner et al., 2013) is that participants had to imagine an action with external guidance (i.e.,
the dancers featured in the video), that is, visual stimuli that guided and constrained the motor
simulation of the dancer participants. Cross et al. (2006) observed a modulation of brain

reactivity (within the inferior parietal lobule and ventral premotor cortex) as a function of the
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dancers’ self-ratings of their own ability to perform the observed movements, as well as
according to their training experience with the dance sequence. Other fMRI studies used
comparable fMRI procedures, that is, by asking participants to project themselves into the
realization of an action guided by external cues rather than simply imagining themselves
performing a movement or to passively observing the movements of others (Conson et al.,
2009; Di Nota et al., 2016; Nedelko et al., 2012; Vogt et al., 2013; Vrana et al., 2015; Villiger
et al., 2013; Zapparoli et al., 2020). These studies show that action simulation under visual
guidance elicits stronger brain activations than conventional “eyes-closed” imagined
movement procedure. For example, a recent study by Zapparoli et al. (2020) showed that the
addition of a visual cue to guide the mental simulation of walking (in-motion visual stimuli of
a path in a park shown from a first-person perspective) increased temporo-occipito-parietal
activation, as compared to the simulation of walking with eyes closed (to imagine walking
along a path).

Taken together, the findings from these fMRI studies demonstrate that the brain
correlates of action simulation are sensitive to visual cues embedded in environmental contexts,
here referred to as enactive action simulation. However, further research is needed to better
understand how the brain mechanisms of action simulation unfold when humans project
themselves into bodily states triggered by naturalistic environmental stimuli. Here, we propose
that investigating the projected enactment of physical exercise coupled with specific
environmental settings has the potential to improve current knowledge of action simulation, as
characterized by fMRI tasks aiming to better capture the phenomenological nature of the lived
experience (i.e., its “what-it’s-likeness”; Abraham, 2016; Makris, 2014; Pace Giannotta, 2021).
Specifically, the present study aims to take a step forward in the understanding of the brain

mechanisms underlying enactive mental simulation of different types of running behaviors. To
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this end, we designed an experimental task that required participants to project themselves onto
a naturalistic running trail. We have three main aims.

Our first main aim is to gain insight into how people project themselves onto two types
of physical exercise, namely running and plogging. Plogging refers to the act of running while
picking up litter. The term plogging comes up from the contraction of “jogging” and “plocka
upp” (i.e., to collect in Swedish language). This form of environmentally friendly walking is
becoming increasingly popular. For example, the ongoing global spread of plogging activities
has led to the first edition of the World Plogging Championship in 2021 (Val Pellice, Piedmont,
Italy). At a mechanistic level, the action of plogging requires individuals to identify litter, run
towards it, pick it up, place it in a small hand-held litter bag, and then continue running along
the trail. We can, therefore, expect plogging to trigger a more complex mental simulation, and
thus a different pattern of brain activation than the mere mental simulation of running. This
assumption is supported by fMRI studies showing that the activation of the action simulation
network is modulated by action type (e.g., imagining performing upper limb versus lower limb
movements), modality (e.g., motor representation, body representation, proprioceptive focus),
simulation type (e.g., kinesthetic: mental rehearsal of movement control, when one feels one’s
body and how the movement execution feels, versus visual mental imagery: visualizing the
execution of an action), and action complexity (e.g., imagining walking versus walking while
talking; for reviews, see Filgueiras et al., 2018; Hétu et al., 2013). We use both univariate and
multivariate methods to explore the brain mechanisms underlying running and plogging (see
the Methods section for details).

Our second main aim is to examine whether participants’ daily engagement in running
moderates differences in brain reactivity between running and plogging mental simulations.
The internal mechanism for simulating observed actions depends on the individual’s motor

expertise and familiarity with the actions. For example, athletes have a unique ability to
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perceive body kinematics and simulate observed actions in sport sequences that are familiar to
them (Aglioti et al., 2008; Cancer et al., 2024; Costa et al., 2023; Robertson et al., 2021; Aglioti
et al., 2008; Urgesi et al., 2012). Specifically, levels of expertise in sports and music are
associated with decreased brain activation in motor areas during mental simulation (Hund-
Georgiadis & von Cramon, 1999, Krings et al., 2000, Lotze et al., 2003; Ross et al., 2003;
Zhang et al., 2019; but see Kraeutner et al., 2020), as well as with increased activity in brain
areas commonly involved in memory-based processes (parahippocampus; Wei & Luo, 2010).
Accordingly, we investigate whether a varying commitment to running would result in either
an economization (reduced brain activity) and/or a sensitization (increased brain activity) of
the neural pathways activated during the mental simulation of running versus plogging.
Finally, the third aim of this study is to examine patterns of insula-centered functional
connectivity in the mental simulation of running and plogging. Due to its involvement in
homeostatic control and conscious interoception (Craig, 2002, 2009), the insular cortex
constitutes a “gating system” in the dynamic interplay between neurocognitive processes
(Droutman et al., 2015a, 2015b; Molnar-Szakacs & Uddin, 2022; Zhao et al., 2023).
Particularly, the insula represents the integral hub of the “salience network™ in the generation
of an appropriate behavioral response to salient stimuli (Menon & Udin, 2010; Seeley, 2019),
such as identifying and picking-up litter while plogging. Moreover, fMRI studies have already
specified how the insula interacts with other brain regions to regulate physical efforts (for a
review, see Brevers et al., 2024). For example, Hilty and colleagues (2011) observed that
connectivity between the insula and the primary motor cortex increased from the beginning to
the end of a cycling exercise. Here, we go one step further by examining whether insular cortex
functional coupling is sensitive to the mental simulation of physical exercise. This research
question is tested using psycho-physiological interaction (PPI) analyses, which allow for the

identification of functional brain networks (rather than just functional brain activity; Friston et
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al., 1997,2011; O’Reilly et al., 2012) that are specifically associated with the mental simulation
of running or plogging behaviors. PPI is examined separately for the right and left insular
cortex. Previous research has shown that the right insula plays a more prominent role than the
left insula in action simulation, such as the feeling of being involved in a movement (i.e., the
sense of agency; e.g., Karnath & Baier, 2010; Scalabrini et al., 2021).

To sum up, the present study aims to advance current knowledge about the brain
mechanisms underlying the enactive mental simulation of different types of running exercises,
1.e., how people project themselves onto naturalistic visual cues that should provide a vivid
sense of life-like individual-environment interactions while plogging or running.

Methods

Participants

One-hundred and four adults participated in this study (62 females, mean age = 19.30, SD =
1.44, range: 18-26). Participants were first year undergraduate students from UCLouvain
Faculty of Psychology (n = 50) and Faculty of Motor Sciences (n = 54). All participants
provided written informed consent to the experimental procedure, which was approved by the
institutional review boards of Ghent University and the University of Luxembourg. All
participants were right-handed, with normal or corrected-to-normal vision. Participants were
advised to avoid drinking alcohol 24h prior to participation in the scanning session. Participants
received a fixed amount of 45 euros as compensation for participation. All brain imaging
sessions (N = 104) occurred in October 2021.

We recruited first-year Bachelor 1 students (excluding second year students who had to
repeat their first year) and ran the study in the beginning of the academic year (October) to
ensure that participants just arrived on the campus and were not familiar with the running trail
depicted in the brain imaging task. Participants were recruited via online advertisements from

September 15% to October 15" 2021. The ads asked for individuals (> 18 years old) to
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participate in a neuroimaging study on running and plogging behaviors. Interested individuals
completed an online survey. All participants were physically healthy according to their answers
on an MRI screening form included in the online survey. The online survey was also used to
exclude participants who were familiar with the running trail depicted (i.e., Louvain-la-Neuve
10 miles; see also “Experimental task and MRI procedure” section), or who reported having
used mood stabilizers, antidepressants, antipsychotics, sleep medications, morphine, cocaine,
heroin or cannabis in the past 12 months. The online screening tool also included questions on
gender, academic year and type of study.

Experimental task and MRI procedure

We used a cue-exposure task (see Figure 1; adapted from Brevers al., 2021) where pictures of
a running trail appeared separately on a screen (task length = 11min 50sec). We informed
participants to imagine themselves running on a specific trail and that the running route
corresponds to the “Louvain-la-Neuve 10 Miles" (i.e., a running event of 16.09 kilometers that
occur each year, in March, at Louvain-la-Neuve, Belgium). Due to a technical issue with the
MRI head coil, one participant had to be excluded from the study, leaving 103 MRI sessions
available for data analyses.

There were two types of blocks: the “running” blocks (see Figure 1A) and the
“plogging” blocks (see Figure 1B). Each block was separated by a 5-sec white screen and
consisted of the presentation of 6 pictures. Each block started with an intro cue (3sec) signaling
the block type and the section of the trail corresponding to the pictures. For both the “running”
and “plogging” blocks, each picture appeared for Ssec and was separated by a jittered delay
(blank screen, range: 1.6-3sec). Participants were informed that each picture was taken 200
meters for each other and that each block corresponded to a section of 1.3 kilometers.
Accordingly, the block succession strictly followed the chronological order of the Louvain-la-

Neuve 10 Miles route. Participants were informed that the task consisted of 6 “running” and 6
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“plogging” blocks (36 trials in each condition, 72 trials in total) and that the blocks were
presented in an alternating order (i.e., there were no consecutive blocks of the same condition).
Moreover, one half the participant (n = 52) started the task with a “plogging” block (i.e., task
order 1: the first plogging block corresponded to the first section of 1.3 kilometers of the trail),
and the other half (n = 52) with a “running” block (i.e., task order 2: the first running block
corresponded to the first section of 1.3 kilometers of the trail). This procedure was implemented
so that each section of trail (and corresponding pictures) matched equally the plogging or the
running conditions across all participants. All pictures of the running and plogging conditions

(for both task order 1 and task order 2) are available at https://osf.io/mvw68/files/osfstorage.

Each picture of the “plogging” blocks depicted a trail route with one piece of litter on
it (it appeared in the center left, center, or center right with equal frequency). The pictures of
the “running” blocks did not include any litter object. The absence of litter in the running
condition was made to avoid participants mixing instructions across conditions and creating
overlap between these conditions (e.g., the running condition might have triggered motor
inhibitory mechanisms, that is, to avoid picking-up the litter). Participants were made aware of
this aspect of the task. In the “running” blocks, when viewing each trail picture, participants
were asked to imaging themselves running on the trail depicted in the picture. In the “plogging”
blocks, for each cue exposure, participants were asked to imagine themselves running toward
the litter, picking it up and putting it in a hand-held small garbage bag, and then continuing to
run on the trail. For both the running and plogging conditions, participants were asked to take
a first-person visual perspective (i.e., the world is imagined as it is encountered in everyday
life, viewing only what would actually lie within participants’ own visual field; e.g., Christian
etal., 2013). Each block terminated with an slide (6sec) prompting participants to report orally
the level of physical effort difficulty they would experience in real life when reaching the

specific section of the trail (see Figure 1). The orally reported numbers (e.g., saying “three”
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for “easy”) were recorded manually by the experimenter. The block-per-block procedure of
physical effort ratings was based on resistance training protocols, where participants are
typically asked to report their level of physical exertion at specific intervals of the session (e.g.,
during the last 10 seconds of each minute of a high-intensity interval exercise; Ekkekakis et al,
2011; Frazao et al., 2016). This procedure allowed us to consider individual variability in

anticipated perceived exertion in the brain imaging analyses.

A. B.

e\

Intro cue:
3sec

ITI: 1.6-3 sec

Picture: Ssec

1. Extremely casy [ ]

After every 6 pictures [ . ] 2. Yery ey

ay
4. Stightly difficult . w:o:ly':mk-u
S. Difficult S0 it
6. Very difficult 6. Very difficlt
7. Extremely difficult 7. Extremely difficalt
6 sec

Figure 1. Examples of (A) “running” and (B) “plogging” pictures used during the brain imaging task.
Each block started with an intro cue signaling the block type and the section of the trail corresponding to the
pictures. In the “running” condition participants were asked to imagine themselves running on the trail depicted
on the picture. In the “plogging” condition participants had to imagine themselves running toward the litter
object, picking it up and putting it in a hand-held garbage bag, and then continuing to run on the trail. Each
block terminated with an overview slide prompting participants to report orally the level of physical effort
difficulty they should experience in real life when reaching the specific section of the trail. ITI, inter-trial
interval.
Post-task questionnaires
Directly after the scanning session, participants had to fill-out several self-reported measures.
These measures (except the index of plogging experience due to low scores and the lack of data
variability, i.e., a floor effect) were used as covariates in the brain imaging analyses. The
descriptive statistics of each variable are detailed in Table 1.

Quality of mental simulation. Directly after the scanning session, participants had to

report (i) how well they were able to imagine themselves running during the running blocks
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and (i1) how well they were able to imagine themselves “plogging” during the plogging blocks
(5 points Likert scales from very poorly to very well).

Handedness - plogging condition. Participants were then shown three plogging
pictures: one with the litter placed on the center left of the trail, one with the litter on the center,
and one with the litter placed center right. For each picture, participants had to report which
hand they would be more prone to use to pick-up the rubbish. Scores ranged from 0 to 3: a
score of 0 indicates that the participant responded “left hand” to all three pictures, a score of 3
indicates that the participant responded “right hand” to all three pictures, and a score of 1 is
majority left and 2 majority right.

Index of engagement toward running. Based on previous empirical and conceptual
work on the psychological processes involved in the initiation and maintenance of health-
related behaviors (Galla & Duckworth, 2015; Radel et al., 2017), we created a four-items index
of behavioral engagement toward running behaviors. Specifically, participants had to estimate
the degree of habit (“For me, going for a run is a habit”), enjoyment ( “I enjoy going for a
run’’), willpower ( “It takes me willpower to go running”) and importance (“7o go running is
important for me”) associated with the action of going running in their daily life. Response
options ranged from “not at all” (1) to “extremely” (5). Internal consistency between the four
items (with the “willpower” item reverse scored) was high (Cronbach’s o = .84). Accordingly,
we computed an aggregate score, with a higher score indicative of a higher engagement toward
running.

Previous experience with plogging. We asked participants to indicate whether they
already undertook a plogging session in their life (i.e., running while picking-up litter and by

handling a garbage bag; response options: never = 0, once = 1, multiple times = 2).



142

Table 1. Descriptive statistics on post-task questionnaires.

Mean  Standard deviation Range Ratio
Quality of mental simulation
Plogging condition 3.82 0.68 2.5 /
Running condition 4.04 0.66 2-5 /
Handedness — number of right-hand
versus left hand litter pick-up in the
plogging condition
Litter placed on the center left of the trail / / / 50/53
Litter placed on the center of the trail / / / 86/17
Litter placed on the center right of the trail / / / 102/1
Total (0/1/2/3) 237 0.70 1-3 0/12/39/52
Running engagement
Importance 2.89 1.05 1-5 /
Enjoyment 3.03 1.04 1-5 /
Habit 247 1.11 1-5 /
Willpower (reverse scored) 2.95 1.03 1-5 /
Aggregated score 2.84 0.87 1-5 /
Previous experience with plow 0,1,2) 0.21 0.52 0-2 86/12/5

Brain imaging data acquisition

Cue presentation was implemented using Python 2.7.16 and Pygame 1.9.3 on an IBM
compatible PC. fMRI imaging was conducted with a 3T Siemens MAGNETOM Prisma
scanner at the GIfMI Center, UZ Ghent, Ghent University. Functional scanning used a z-shim
gradient echo EPI sequence with PACE (prospective acquisition correction). This sequence
was designed to reduce signal loss in the prefrontal and orbitofrontal areas. The PACE option
helps to reduce the impact of head motion during data acquisition. The parameters were: TR =
1720ms; TE = 27ms; flip angle = 66°. Fifty-two 2.5mm axial slices were used to cover the
whole cerebral cortex and most of the cerebellum without a gap. The slices were tilted
approximately 30 degrees clockwise along the AC-PC plane to improve the signal-to-noise
ratio. A 176-slice MPRAGE structural sequence was also acquired (Imm slice thickness; TI =
900ms; TR =2250ms; TE =4.18ms; flip angle 9°). Prior to the EPI sequence, standard Siemens
magnetic field maps were collected with the same slice prescription as the functional scans
using a multi-echo gradient echo acquisition (Effective EPI echo spacing = 0.52ms, EPI TE =

27ms, % signal loss threshold = 10). These field maps were used for correction of geometric
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distortions in the EPI data caused by magnetic field inhomogeneity.
Image Preprocessing
Image pre-processing was carried out using the fMRI Expert Analysis Tool (version 6.00, part
of the FSL package, FMRIB software library, version 5.0.9, www.fmrib.ox.ac.uk/fsl). The first
three sets of each participant’s functional data were discarded to allow the MR signal to reach
a steady state. Functional data for each participant were motion-corrected using rigid-body
registration, implemented in the FMRIB Software Library (FSL)’s linear registration tool,
MCFLIRT (Jenkinson et al., 2002). All participants demonstrated less than 1.0mm of either
absolute or relative motion, so no participant was excluded from the analyses. After motion
correction and temporal high-pass filtering, each time series for geometric distortions caused
by magnetic field inhomogeneity was corrected using field maps (Andersson et al., 2007a;
Jenkinson et al., 2001). Data were spatially smoothed using a 5-mm full-width-half-maximum
(FWHM) Gaussian kernel. The data were filtered in the temporal domain using a non-linear
high pass filter with a 90sec cut-off (estimated using FSL’s FMRI Export Analysis Tool, FEAT).
A two-step registration procedure was used where EPI images were first co-registered to the
MPRAGE structural image, and warped to standard (MNI) space, using FLIRT (Jenkinson et
al., 2002; Jenkinson & Smith, 2002). Registration of MPRAGE structural image to MNI
standard space was then further refined using FNIRT nonlinear registration (Andersson et al.,
2007a, 2007b). Statistical analyses were performed in the native image space, with the
statistical maps normalized to the standard space prior to higher-level analysis.
Behavioral analyses

Scores of physical efforts according to trail sections and physical exercise conditions.
We aimed to examine how the scores of physical effort (i.e., obtained during the overview slide
that prompted participants to report the level of physical effort they should experience when

reaching the specific section of the trail) varied according to block types (running vs. plogging),
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and trail sections (1, 2, 3, 4, 5, and 6), while covarying for quality of mental imagery toward
the plogging and running and of the index of engagement toward running. To do so, we ran
linear mixed models (LMM) using the Ime4 package (Bates et al., 2015) on Jamovi (Version
2.3.21.0). Significance was calculated using the ImerTest package (Kunzetsova et al., 2017),
which applies Satterthwaite’s method to estimate degrees of freedom and generate p-values for
mixed models. The model was run with the fixed effect of bloc types, trail sections, quality of
mental imagery toward plogging, quality of mental imagery toward running, and engagement
toward running with fixed slope:
physical effort ~ 1 + bloc types + trail sections + quality of mental imagery plogging +
quality of mental imagery running + engagement running +(I|participants)
Associations between physical effort, quality of mental simulation, and engagement
toward running. Bayes Factor Inference on Pairwise Correlations (using Pearson correlation
coefficients 7 JZS Bayes factor with default SPSS 27.0.0.0 priors and criteria) were run to
examine the association between aggregated scores of physical effort toward the running (i.e.,
for each participant, we calculated a mean score across the 6 blocks of the running condition)
and plogging (i.e., mean score across the 6 blocks of the plogging condition), quality of mental
simulation toward plogging, quality of mental imagery toward running, and the index of
engagement toward running.
Brain imaging analyses
In the present study, we used both univariate and multivariate methods to explore the brain
mechanisms underlying running and plogging. The univariate approach evaluates the
engagement of brain regions specific to an experimental condition (Friston et al., 1994, 1995).
Thus, univariate analyses were used to examine the average brain activation compared across
the experimental conditions (running versus plogging). We also performed univariate

parametric contrasts to examine whether brain activation between running and plogging was
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modulated by the level of physical effort that participants expected to experience on different
sections of the running trail. Indeed, studies have shown that increases in subjective (e.g.,
ratings of perceived exertion, RPE) and objective (e.g., cardiovascular responses) markers of
physical effort can occur during imagined physical exercise, that is, under conditions that do
not elicit muscle afferent input (Abbiss et al., 2015; Williamson et al., 2001, 2002, 2006).
Furthermore, because plogging requires carrying a garbage bag and squatting/bending one leg
to pick up litter up from the ground, it can also be considered as a more strenuous form of
running activity (e.g., Raghavan et al., 2022). In this context, the present study also aimed to
investigate how predicted levels of physical effort modulate brain reactivity to the mental
simulation between two types of running behaviors that differ in their default levels of physical
effort (i.e., plogging > running).

In contrast to the univariate approach, multivariate pattern analyses allow for the
investigation of distributed encoding of task-relevant information, even in the absence of mean
activation (Mur et al., 2009). Specifically, whereas the univariate approach quantifies activation
levels in local brain regions by the spatial extent of these signal changes (i.e., univariate voxel-
wise changes; Friston et al., 1994, 1995), multivariate pattern analysis relies on activity patterns
from multiple voxels and is sensitive to signal variability within spheres that roughly
correspond to the local regions in the univariate analysis (Kriegeskorte et al., 2006; Jiruma &
Poldrack, 2012). Therefore, multivariate analysis provides better specificity and sensitivity
than univariate analysis, as it allows us to observe distributed response patterns, which can help
inform how cognitive representations are encoded in the brain (Coutanche et al., 2013 ; Haynes,
2015; Weaverdyck et al., 2020). Univariate and multivariate methods are thus complementary
and their combination can provide information about basic processing operations as well as on
the dynamic representational content of a given cognitive function (Jimura & Poldrack, 2012;

Yang et al., 2023).
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Univariate brain imaging analyses. We compared blood-oxygen-level-dependent
(BOLD) activity during the onset of “running” and “plogging” pictures (5ec). To this aim, the
brain imaging data were modelled using event-related general linear model (GLM) within
FSL’s Improved Linear Model (FILM) module. First-level statistical analysis included the
following explanatory variables (EV): EV1: onsets of the running trials, EV2: parametric
modulation (PM) assessing physical effort for running trials, EV3: onsets of plogging trials,
EV4: PM assessing physical effort for plogging trials; EV5 (of no-interest): overview slides
(i.e., onset with duration of 6sec at the end of each block), leaving ITI as implicit baseline.
Moreover, nuisance regressors in the form of first-order temporal derivatives of all event types
and 24 motion regressors (six motion parameters, the derivatives of these motion parameters,
the squares of the motion parameters, and the squares of the derivatives; comprising FSL’s
standard extended set of motion parameters) were added to the model. In order to examine
individual variability in anticipated perceived exertion, we computed the PM regressors by
mean centering the score of physical effort obtained in the end of each block (mean centering
was undertaken separately for the running and the plogging blocks). The event onsets were
convolved with canonical hemodynamic response function (HRF; double gamma) to generate
regressors used in the GLM. For each participant, we computed the following contrasts: (i)
running (EV1) minus plogging (EV3), (i1) plogging (EV3) minus running (EV1), (iii)) PM
running (EV2) minus PM plogging (EV4), (iv) PM plogging (EV4) minus PM running (EV2).
These contrasts were then included into a random-effects model for group analysis across all
of the participants. Importantly, 5 participants reported the same level of physical effort
throughout the task, which made the PM contrasts unavailable for analyses (i.e., all values of
the mean centered PM regressors were equal to 0). These 5 participants were thus excluded
from this GLM analysis. Group analyses (n = 98) were performed using FSL FLAME 1, with

a height threshold of z > 3.1 and a cluster probability of p < .05, FWE corrected for multiple
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comparisons across the whole brain.

Multivariate brain imaging analyses. Using a whole-brain searchlight approach (4mm
radius), we ran an inter-subject pattern analysis (ISPA; Wang et al., 2020) to evaluate group-
level multivariate effects (N = 103). Beta values for each condition, extracted from a GLM
containing the following EV: EV1: onsets of running trials, EV2: onsets of plogging trials, EV3
(of no interest): 6-motion parameters, were used as input for the decoding algorithm. We
implemented a leave-one-subject-out cross validation measure in the CoSMoMVPA toolbox
v.1.1.0 (Osterhof et al., 2016), in which a linear support vector machine (SVM) algorithm was
trained on the data of all subjects but one and then tested on the left-out participant. In this way
each participant served as the test set once. We extracted the single-fold accuracy maps for n =
1000 non-parametric permutation testing with correction for multiple comparison using a
FWE, p < .05 threshold in SnPM v.13.1.09 (Holmes et al., 2018), resulting in a group-level
map of brain regions which decoded plogging from running conditions significantly better than
chance.

Psychophysiological interaction (PPI). These analyses were performed on the contrast
“plogging minus running”, as it is the only contrast that triggered insular activation (see Figure
2). Since the PPI analyses did not involve the PM contrasts, these analyses were undertaken
with a total of 103 participants (i.e., by including the 5 participants that were excluded from
the GLM with PM regressors). We created left and right insular seed regressors by computing
individual average time series using an insular seed mask obtained from Chang et al. (2013;
see Figure 2). The insular seed masks were first transformed into individual space using
FLIRT. Next, the time-course of each seed was extracted. For each subject, a first-level PPI
model was set up using FSL including the following user-specified regressors: (1) the time
course of the seed region; (2) the parametric regressor coding for the task contrasts and (3) the

regressor coding interaction term, i.e. the positive and negative multiplications of time course
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and the task contrast. Single-subject contrast images for each of these regressors were created.
Each subject’s PPI contrast image for the interaction regressor was then entered into a second-
level random-effect analysis to test for group effects. The group analyses were performed using
FSL FLAME 1, with a height threshold of z > 3.1 and a cluster probability of p < .05, FWE

corrected for multiple comparisons across the whole brain.

Figure 2. (A) The right (red) and left (green) insular seed masks used for the PPI analyses. (B) Overlap between
the insular seeds and pattern of brain activation (yellow) obtained on the “plogging minus running” contrast (x =
-36,y =0, z=-4). Left on right.

Results
Behavioral findings

Scores of physical efforts according to trail section and physical exercise condition.
We built our multilevel model by adopting the following two-step sequence:

Step 1 (null model). We first ran the null model by including participants as a cluster
variable with random effect, and physical effort as the dependent variable with the following
model specification: physical effort ~ + (1|participants) Step 1 (null model). This first step in
the model indicated an Intraclass Correlation Coefficient (ICC) of .31, which means that
differences across participants account for about 31% of the variability in individuals’
reported level of physical effort. As shown in Table 2, the intercept variance is .31 and the

within-participant variance is 0.67. In short, results provide evidence for a nested data
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structure that requires multilevel modeling rather than a single-level data analytic approach.
Specifically, an ICC, even as small as .10 (Kahn, 2011), suggests that participants (Level 2
variable) explain the heterogeneity of physical effort scores. ICC value near zero suggests
that a model including Level 1 variables only is appropriate, and, hence, there may be no
need to use multilevel modeling (a simpler OLS regression approach may be more
parsimonious).

Step 2: As a second step in the model-building process, we added the fixed effect of
bloc types, trail sections, quality of mental imagery toward plogging, quality of mental
imagery toward running, and engagement toward running with fixed slope: physical effort ~
1 + bloc types + trail sections + quality of mental imagery plogging + quality of mental
imagery running + engagement running +(1|participants). Hence, this second step involved
testing a model with random intercept and fixed slope of block type and trail sections, while
also considering the effect of quality of mental and engagement toward running distance and
average speed on physical effort. Indeed, the succession of bloc type and trail sections was
constant across all participants. As shown in Table 2, results indicate that levels of physical
effort significantly increase across the chronological section of the trail (p <.001). Bonferroni
corrected post-hoc pairwise comparisons revealed that levels of physical effort significantly
differed across all sections of the trail (all p < 0.05), except between section 5 and section 6
of the running trail (i.e., the last two sections of the trail, p = 0.29). The reported level of
expected physical effort was also significantly higher in the plogging than in the running
condition (p <.001; see Figure 3Ai). We also observed that the reported level of physical
effort decreased as a function of the engagement toward running (p < .001; see Figure 3Aii).
Importantly, -2 Log likelihood and AIC values indicate that there is an increased model fit
between Step 1 and Step 2 (see Table 2). The conditional R’ (which considers the variance of

both the fixed and random effects) is .54, which is indicative of moderate effect sizes.
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Table 2. Results of two-steps sequence Linear Mixed Model.

Null Random Intercept and Fixed Raw Slope
(Step 1) (Step 2)
Variable
Intercept 4.00%** (0.06)  3.99*** (0.16)
Bloc type 0.17*** (0.05)

Trail section

Running engagement

from 0.65*** (0.08) [section 1 vs. section 2]
to 1.88***(0.08) [section 1 vs. section 6]

0.17 (0.05) ***

Quality of mental -0.10 (0.05)
imagery plogging

Quality of mental -0.09 (0.05)
imagery_running
Variance components

Within-participant variance 1.38 0.66

Intercept variance 0.37 0.31
Additional information

ICC 0.32

-2 Log likelihood (FILM) 3794.45 3188.38***

Number of estimated parameters 3 8

Conditional R’ 0.23 0.54

Pseudo R’ 0.33

AIC 3800.20 3223.59

Note: FIML = full information maximum likelihood estimation; Total number of observations = 1235, number of
participants = 103. Values in parentheses are standard errors; t-statistics were computed as the ratio of each
regression coefficient divided by its standard error. *p < .05. **p < .01. *** p < .001.

Associations between physical effort, quality of mental simulation, and engagement
toward running. A scatter plot matrix with all pairwise correlations are reported in Figure 3B.

Bayes Factor (BF) Inference on Pairwise Correlations (N = 103) revealed that the index of
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engagement toward running was weakly positively associated with the quality of mental
simulation toward the running condition, »(103) = .26, BFI10 = 2.75, weakly negatively
associated with the aggregated score of physical effort toward the plogging condition, 7(103)
= -28, BFI10 = 5.85, and moderately negatively associated with the aggregated score of
physical effort toward the running condition, »(103) =-.37, BF 10> 100. There was no evidence
for an association between the two indexes of quality of mental simulation and scores of

physical effort toward the running condition.
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Figure 3. (A.1.) Fixed effect of trails section and block types on participants’ reported levels of physical effort.
Error bars indicate the standard error of the fixed effect. (A.2.) Fixed effect of running engagement on physical
effort. Semi-transparent grey areas indicate the standard error of the fixed effect. (B) Scatter plot matrix to
visualize bivariate relationships between running engagement, aggregated score of physical effort toward
running, aggregated score of physical effort toward plogging, quality of mental simulation toward running, and
quality of mental simulation toward plogging. Bar charts represent score distributions on each variable. » =
Pearson coefficient, BF 10 = Bayes factor 10.

Brain imaging findings from univariate analyses
Plogging versus running conditions. Across all participants (N =98), for the “plogging

minus running” contrast (see Figure 4A), we observed a very large cluster of activation (voxel
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cluster size = 69184), with peak of activation in the bilateral lingual gyrus (peak = -6,-66,4;
Zmax = 10.10), extending into bilateral brain regions encompassing the superior parietal lobule,
the precentral gyrus, posterior and anterior cingulate gyri, insular cortex, central opercular
cortex, amygdala, thalamus, cerebellum, inferior temporal gyrus, as well as the superior,
middle, inferior, and orbito frontal gyri. Two other clusters of activation were observed: one
with a peak of activation in the frontal pole and left middle frontal gyri (voxel cluster size =
1057, peak = -36,38,—30; Zmax = 5.76), the other with a peak of activation in the frontal pole,
right middle and superior frontal gyri (voxel cluster size = 968, peak = 34,40,32; Zmax = 7.18).

For the “running minus plogging” contrast (see Figure 4B), significant clusters of
activation were observed in the bilateral occipital pole (voxel cluster size = 1127, peak = -8,-
98,12; Zmax = 8.22; voxel cluster size = 1051, peak = 10,-94,14; Zmax = 6.57), right
parahippocampal gyrus (voxel cluster size = 444, peak = 25,-40,-12; Zmax = 7.09), left
parahippocampal gyrus (voxel cluster size = 322, peak = -22,-40,-12; Zmax = 6.51), right
precuneus cortex (voxel cluster size = 318, peak = 16 -52,14; Zmax = 6.21), posterior cingulate
(voxel cluster size = 233, peak = -8,-56,14; Zmax = 4.92), and in the right angular gyrus (voxel

cluster size = 127, peak = 12,-82,-4; Zmax = 4.44).
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Figure 4. Univariate whole brain differences for (A) the “plogging minus running” and (B) the
“running minus plogging” contrasts. These images were thresholded using FSL FLAME 1, with a height
threshold of z > 3.1 and a cluster probability of p < .05, FWE corrected for multiple comparisons across the
whole brain. (C) Clusters of voxels which significantly decoded plogging from running conditions using
multivariate analyses. These clusters of voxels were extracted using the single-fold accuracy maps for n = 1000
non-parametric permutation testing with correction for multiple comparison using a FWE, p<0.05 threshold.

Parametric modulations of physical effort. No significant activation was observed
when comparing the parametric modulation of physical effort between the running and the
plogging conditions (with either a height threshold of z > 3.1 orz > 2.3, and a cluster probability
of p < .05, FWE corrected for multiple comparisons across the whole brain). No significant
covariate effect of running engagement, quality of mental imagery and handedness was
observed.

Covariates effects. We observed a covariate effect of scores engagement toward
running and quality of mental simulation toward running on the “running versus plogging”
contrasts. No other covariate effect was observed.

The covariate effect of engagement toward running was observed in the left posterior

cingulate cortex (voxel cluster size = 259, peak = -10,-54,28; Zmax = 3.91; see Figure SA). To



154

determine the directionality of this covariate effect, we undertook additional analyses with the
two simple contrasts: “plogging (minus implicit baseline)” and “running (minus implicit
baseline)”. We created a region of interest (ROI) mask from the cluster of voxels with
significant covariate effect in posterior cingulate cortex for the “plogging versus running”
contrasts. Using this posterior cingulate cortex mask, we performed separate ROI analyses
(with a height threshold of z > 3.1 and a cluster probability of p <.05) on the “plogging” and
the “running” contrasts. We observed significant positive covariate effect in the posterior
cingulate cortex for the “plogging” contrast, and no significant covariate effect for the
“running” contrast. These supplementary analyses thus indicate that the “plogging” condition
triggered a negative covariate effect of running engagement in the posterior cingulate cortex,
when compared to the “running” condition.

The covariate effect of quality of mental simulation toward running was observed in
the right hippocampus (voxel cluster size = 145, peak = 30,-33,-3; Zmax = 4.08), the left medial
frontal gyrus (Brodmann Area 10; voxel cluster size = 118, peak = -14,54,-6; Zmax = 4.38), in
the anterior cingulate gyrus (voxel cluster size = 114, peak = -14,40,16; Zmax = 4.29; see Figure
5B). To determine the directionality of this covariate effect, we undertook similar additional
analyses that above but with the ROI mask from the cluster of voxels with significant covariate
effect of quality of mental simulation toward running. Using this mask, we performed separate
ROI analyses (with a height threshold of z > 3.1 and a cluster probability of p < .05) on the
“plogging” and the “running” contrasts. We observed significant positive covariate effect in the
medial frontal gyrus and anterior cingulate for the “running” contrast, and significant negative
covariate in the hippocampus for the “plogging” contrast. These analyses thus indicate that (1)
the “running” condition triggered a positive covariate effect of the quality of mental simulation
toward running in the medial frontal gyrus and anterior cingulate, when compared to the

“plogging” condition, and (ii) the “plogging” condition triggered a negative covariate effect of
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the quality of mental simulation toward running in the hippocampus, when compared to the

“running” condition.
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Figure 5. (A) Covariate effect of running engagement for the “plogging versus running” contrast. (B) Covariate
effects of quality of mental simulation for the “plogging versus running” contrast. These images were
thresholded using FSL FLAME 1, with a height threshold of z > 3.1 and a cluster probability of p < .05, FWE
corrected for multiple comparisons across the whole brain.

Brain imaging findings from multivariate analyses

The ISPA searchlight identified six clusters of voxels which significantly decoded plogging
from running conditions (see Figure 4C). The first cluster (voxel cluster size = 1415, peak = -
24,-10,60, tmax = 8.79) includes the left precentral gyrus and superior frontal gyrus. The second
(voxel cluster size = 730, peak = -36,-46,64, tmax = 8.44) and third (voxel cluster size = 257,
peak = 30,-50,60, fmax = 7.93) span the bilateral superior parietal lobule and postcentral sulcus
and extend into bilateral parahippocampal gyrus. The fourth cluster (voxel cluster size = 1441,
peak = -6,-68.8, tmax = 8.28) has its peak in the lingual gyrus and extends to intracalcerine
cortex, posterior cingulate cortex, angular gyrus and post central gyrus. The fifth cluster (voxel

cluster size = 132, peak = §,-72,-26, tmax = 7.66) includes the cerebellar vermis and bilateral
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cerebellar lobule VI. Finally, the last cluster (voxel cluster size = 673, peak = 56,-50,16, tmax =
7.46) peaks in the right angular gyrus, extending into temporoparietal junction, middle
temporal gyrus and lateral occipital cortex.
Insular-centred functional connectivity
Across the whole sample (N = 103), for the “plogging minus running” contrast, the analyses
identified both positive and negative PPI with the left and the right insular seeds.

For the left insular seed, a negative PPI (see Figure 6Ai) was observed between the
right insular seed and the bilateral precentral gyri (voxel cluster size = 387, peak = -32,-2,54;
Zmax = 5.18; voxel cluster size = 316, peak = -36,-4,48; Zmax = 4.34). Positive PPI (see Figure
6Bi) was observed with the left posterior cingulate cortex (voxel cluster size = 187, peak = -
12,-50,6; Zmax = 4.19), superior temporal gyrus (voxel cluster size = 159, peak = -42,-24,2; Zmax
= 5.13), and occipital pole (voxel cluster size = 133, peak = -8,-98,16; Zmax = 4.39).

For the right insular seed, we observed a negative PPI (see Figure 6Aii) between the
right insular seed and the left inferior temporal gyrus (voxel cluster size = 389, peak = -38,-6,-
46; Zmax = 4.61) and the bilateral precentral gyri (voxel cluster size = 237, peak = 32,-2,54;
Zmax = 4.21). Positive PPI (see Figure 6Bii) was observed between the right insular seed and
the left occipital pole (voxel cluster size = 473, peak = -8,-98,16; Zmax = 4.80) and the left
posterior cingulate cortex, extending into the superior temporal gyrus (voxel cluster size = 182,
peak =-12,-58,12; Zmax = 4.16).

To further determine the directionality of these PPI findings, we undertook additional
PPI analyses with the two simple contrasts: “plogging (minus implicit baseline)”; “running
(minus implicit baseline)”. We created two ROI masks from the cluster of voxels with
significant positive (ROI_PPI positive) and negative (ROI_PPI negative) PPI for the
“plogging minus running” contrast with either the left insula or the right insular seeds,

respectively. Using these masks, we performed separate ROI analyses (with a height
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threshold of z> 3.1 and a cluster probability of p <.05) on the “plogging” and the “running”
contrasts. When using the ROI PPI positive or ROI_PPI negative masks for the “plogging”
contrast, we observed significant positive and negative PPI in all clusters of voxels obtained
with the “plogging minus running” contrast, for either the right or left insular seeds. When
undertaken for the “running” contrast, the ROI PPI positive or ROI_PPI negative masks
resulted in an absence of significant PPI, for both the right or left insular seeds. No significant
negative PPI was observed with ROI_PPI positive mask (for either “plogging” or “running”
contrasts). These supplementary analyses confirm that the “plogging” condition triggered

increased (positive and negative) PPI, as compared to the “running” condition.

24

Figure 6. (A) Significant negative PPI with the (i) left insula and (ii) right insular seeds for the “plogging versus
running” contrast. (B) Significant positive PPI with the (i) left insula and (ii) right insular seeds for the
“plogging versus running” contrast. These images were thresholded using FSL FLAME 1, with a height
threshold of z > 3.1 and a cluster probability of p < 0.05, FWE-corrected for multiple comparisons across the
whole brain.
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Discussion

The enactive view of cognition stresses the central role of action simulation processes to
potentialize the connection between perception of the external environment and action. This
study aimed to advance current knowledge on brain correlates of enactive action simulation by
examining how individuals project themselves into the enactment of two types of physical
exercises coupled with visual stimuli representing a naturalistic running trail environment. We
examined: (i) the brain correlates of mental simulation triggered by the action of running or
plogging and their associated levels of physical effort, (ii) the impact of daily-life engagement
toward running on the brain reactivity to running and plogging mental simulations, and (iii)
patterns of insular-centered functional connectivity associated with the mental simulation of
running versus plogging.

On a behavioral level, we observed that participants’ ratings of physical efforts
increased across the chronological sections of the running trail. Moreover, in line with previous
research on the physical strain of plogging (Raghavan et al., 2022), we observed that expected
level of physical effort was significantly higher in the plogging than in the running condition.
This finding represents a relevant manipulation check for the effectiveness of our experimental
task to trigger ratings of physical effort that vary according to the chronological sections of a
running trail. We also observed that the expected level of physical effort decreased as a function
of participants' daily-life engagement toward running. The index of engagement toward
running was also positively associated with the quality of mental simulation toward the running
condition. These findings provide some evidence for the external validity of our four-items
index of running engagement. Moreover, these observations are in line with behavioral and
brain imaging studies on mental simulation in athletes and expert individuals (for reviews, see
Mizuguchi et al., 2012; Morone et al., 2022), in showing that daily-life involvement toward

running behavior is linked with an increase in the quality of mental simulation.
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On a brain imaging level, univariate analyses revealed that the mental simulation of
plogging activated a large pattern of brain activation, as compared to the simulation of running
(and despite that the visual stimuli were very similar in both condition, expect for the presence
of the litter in the plogging condition). This observation is also consistent with studies showing
that the extended brain networks of action simulation are sensitive to actions that are more
complex (Filgueiras et al., 2018; Hétu et al., 2013). In the present study, these patterns of
activation were observed in frontal, parietal, motor, insular, temporal, amygdalar, thalamic,
cingulate, and cerebellar areas. These results probably illustrate the intricate processes
activated during the mental simulation of plogging actions (i.e., detect and run toward the
waste, pick it up and put it in a hand-held small garbage bag, and then continue running on the
trail), as compared to the mental simulation of running). For instance, higher activation in
(pre)motor and cerebellar areas might be related to higher need of spatial localization and motor
planification in the plogging condition (Seiler et al., 2015). Importantly, the mental simulation
of running also triggered a specific cluster of activations, as compared to the plogging
condition. These patterns were observed in the occipital pole, parahippocampal gyrus,
precuneus cortex, posterior cingulate cortex, and the angular gyrus.These regions are all parts
of the “contextual association network”, which is critical for tasks that require to mentally
construct a rich spatial context (Gilmore et al., 2021; Ritchey & Cooper, 2020). Therefore, one
explanation for this finding is that the lower complexity of the action of running (as compared
to plogging) might have sensitized the activation of some core processes of action simulation,
such as visuo-spatial judgment for the angular gyrus (Sack et al., 2007, 2009; Singh-Curry &
Husain, 2009; Seghier, 2013), topographical memory and mental navigation for the
parahippocaampal gyrus (Berthox, 1997; Maguire et al., 1998; Mellet et al., 2000),
coordination of spatial attention and vigilance for the posterior cingulate cortex (Leech &

Sharp, 2014; Naito & Ehrsson, 2001; Rolls et al., 2019), the processing of complex visual
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scenes for the precuneus (Tanaka & Kirino, 2021), and vividness of mental imagery for the
occipital pole (Andersson et al., 2019).

Another important observation from the univariate analyses is that the “plogging”
condition was associated with a negative covariate effect of running engagement in the
posterior cingulate cortex, when compared to the “running” condition. As mentioned above,
the posterior cingulate cortex plays a key role in supporting internally directed cognition and
attentional focus. Hence, this covariate effect indicates that increased daily-life engagement
toward running leads to an “economization” of attentional resources needed for mentally
simulating the action of plogging. Importantly, the plogging versus running contrasts was also
associated with significant covariate effects of the quality of mental simulation toward running.
Specifically, the running condition was associated with a positive covariate effect of the quality
of mental simulation toward running in regions involved in self-awareness and willed
generation of virtual motor commands (the medial frontal gyrus and anterior cingulate cortex;
Hanakawa et al., 2008). By contrast, the plogging condition was associated with a negative
covariate effect of the quality of mental simulation toward running in a region commonly
involved in memory-based spatial processing (the hippocampus; Bird & Burgess, 2008).
Together, these covariate effects suggest that the quality of mental simulation toward running
is associated with (i) a downregulation of memory-based processes when simulating another
form of running exercise (i.e., plogging), and (ii) a sensitization of higher-order cognitive
processes when simulating a typical form of running exercise.

We also examined the mental simulation of plogging and running with multivariate
analyses. Searchlight approaches, also referred to as information-based functional mapping
(Kriegeskorte et al., 2006), are well suited when distributed response patterns are expected.
Given the complexity and variety of recruited mental processes observed in the univariate

analyses, this approach lends an ideal extension of results, as to uncover the network of
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distributed response patterns encoding the representational content of these processes.
Importantly, we employed an inter-subject pattern approach (ISPA), which ensures consistency
in the nature of information across sampled individuals, has greater detection power compared
to other group-based MVPA approaches and offers a straightforward interpretation (Wang et
al., 2020). Concretely, finding a positive result indicates that the information that has been
identified is consistent through the population that was sampled. In line with and largely
overlapping with univariate results, we found a wide network of regions which encode task
relevant information. Identified brain areas are largely consistent with regions relevant to motor
imagery (Cengiz & Boran, 2016; Gonzales et al., 2005; Hétu et al., 2013; Grézes & Decety,
2001; Munzert et al., 2008; Ryding et al., 1993), and spatial cognition (Burianova et al., 2013;
du Boisgueheneuc et al., 2006; Spreng et al., 2009). For instance, the bilateral cerebellum
(lobule VI), precentral gyrus, superior parietal lobule, cerebellar vermis, right post-central
gyrus, and left superior frontal gyrus (ISFG) have all been identified as regions consistently
activated by motor imagery in an ALE meta-analysis of 75 articles (median sample size 12
participants, range 5-60 participants, see Hétu et al., 2013). In addition, the ISFG, posterior
cingulate cortex, temporoparietal junction, middle temporal gyrus, and angular gyrus have
consistently shown associations with memory retrieval (Kim, 2010; Spaniol et al., 2009),
spatial cognition (Ciaramelli et al., 2008; Gottlieb, 2007; Sack, 2009; Singh-Curry & Husain,
2009), as well as prospection (Spreng et al., 2009; Seghier, 2013). There were two regions that
were identified with the multivariate but not univariate approach: the post central gyrus and
middle temporal gyrus. The post central gyrus contains the primary somatosensory cortex,
which may suggest the engagement of differentiable motor representations for running and
plogging conditions. The middle temporal gyrus is suggested to support semantic retrieval to
be adapted to a task or context (Davey et al., 2016), its engagement may thus reflect the retrieval

of task-relevant information across conditions. Taken together, multivariate results support
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univariate findings in highlighting the complexity and variety of representational content
recruited in the mental simulation of physical activity. Regions that reliably decoded plogging
and running conditions across participants, encode task-relevant information, drawing on
visual, spatial, and memory-related representational content.

The last main brain-imaging finding of this study is the observation of increased
patterns of positive and negative insular-centered functional connectivity toward the plogging
condition, as compared to the running condition. These patterns were highly convergent
between the right and left insular seeds. Positive insula-centered PPI were observed with the
occipital pole, the posterior cingulate cortex, and the superior temporal gyrus, that is, areas
commonly involved in vision, attention-regulation, and action representation processes
(Vander Wyk et al., 2012), respectively. Extended negative insula-centered PPI was observed
with primary motor areas (precentral gyrus). The right insula was also negatively coupled with
inferior temporal gyrus, which is a key brain area for the internal representation of objects,
places, faces, and colors (e.g., Federico et al., 2023). The observation of both positive and
negative patterns of functional connectivity suggests that the insular cortex plays a key role in
the dynamic interplay of action simulation that involve complex self-projection mechanisms,
such as the mental simulation of plogging behaviors.

There are several limitations to the present study that should be considered. First, our
sample was limited to young university students. This aspect may restrict the generalizability
of the present findings. In future studies, it will therefore be important to examine whether the
brain mechanisms of physical exercise simulation differ according to age. For instance, a recent
study showed that the motor-cognitive mechanisms of action simulation reorganize during
healthy aging (e.g., Sacheli et al., 2023). Accordingly, focusing on age differences could be a
valuable target to further validate and extend the current findings, especially since physical

activity is a key determinant for healthy aging (for recent review, see Szychowska, A., &
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Drygas, 2022). Second, despite the fact that the plogging condition was associated with higher
self-reported scores of physical efforts than the running condition, we did not observe
significant activation when comparing the parametric modulation of physical effort between
the running and the plogging conditions. Future studies should thus use experimental
procedures that allow for better estimates of the effect of physical effort on the brain correlate
of action simulation. One option is to use a plogging condition that explicitly requires
participants to focus on bodily sensations (i.e., internal focus; e.g., to center on the physical
sensation of plogging), as compared to a plogging condition that requires participants to focus
on the environmental task-relevant information outside of the performer's body (i.e., external
focus; e.g., to focus on picking-up litter while running; Bazgir et al., 2013). Moreover, action
simulation was guided by pictures, rather than videos, of the running trail. We chose to use
pictures as it allowed participants to personalize the simulation of running and plogging (e.g.,
agency in the speed of movement, and which hand to use while picking-up the waste).
Nevertheless, the use of pictures only offered a partial guidance of action simulation. Hence, it
can be less immersive and engaging than videos (Macdonald et al., 2015, 2017), which might
have decreased the level of accuracy of ratings of physical effort triggered by our experimental
task.

Third, one main finding of this study is that running engagement decreased posterior
cingulate response to the mental simulation of plogging behaviors, thereby suggesting that
expert runners need less cognitive resources for simulating the enactment of another type of
running behavior. However, this effect alone does not allow to infer how actual previous
experience with plogging modulates brain reactivity to the mental simulation of plogging. In
fact, very few participants in our sample had any plogging experience. Besides, the mental
simulation of plogging might have also resulted from the ability of our participants to merge

two simulations of behaviors they already experienced (i.e., even if an individual had never



164

plogged, they have already picked up litter before). Hence, the mental simulation of plogging
might refer to a combination of simulating a run and simulating picking-up litter, rather than
the ability to simulate a new activity. These aspects are important as previous fMRI studies
observed that the brain reactivity to mental simulation of action with an external guidance (i.e.,
a comparable procedure of enactive mental simulation that in the present study) is modulated
by participants’ training experience with the simulated action (i.e., the motor learning of a novel
dance choreography; Cross et al., 2006; Di Nota et al., 2016). Future studies should therefore
extend the present findings by adding pre-scanning sessions of running and/or plogging, using
the exact same trail route that the one featured on the fMRI experimental task. Such an
approach would offer a more fine-grained understanding on how actual experience of plogging
and running (and not only a proxy of running expertise) impact brain mechanisms underlying
enactive mental simulation of physical exercise.

Fourth, while this study aimed to adopt an enactive approach of the mental simulation
of plogging, it still only provides a limited understanding of this form of physical exercise.
Indeed, recent studies showed that the practice of plogging increases pro-environmental
awareness and attitudes, and serves also as a prosocial behavior that bolsters relationships (Kim
etal., 2023; Lee & Choi, 2023; Martinez-Mirambell et al., 2023a,b). This dynamic should offer
promising perspectives for studies investigating how the human mind processes pro-
environmental physical exercise. For instance, simulation should compare experimental
conditions where participants are asked to simulate the action of plogging (as in the present
study) versus a condition where they are asked to (re-)experience the positive sensation of
behaving in a pro-environmental way while plogging. This functional approach of plogging
should complement the neuroscience-based literature on the restorative effects of natural
environments on attention and cognitive performances (for a review, see Doell et al., 2023).

Finally, it is also important to study brain mechanisms of plogging while using
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alternatively brain imaging techniques, such as functional near-infrared spectroscopy (fNIRS).
Although, fNIRS has limited sensitivity to hemodynamic changes occurring in brain regions
below the cortical surface (e.g., insular cortex; Kovacsova et al., 2018), it has a portable
modality that allows the study of neurocognitive processes in real environments without any
restrictions on the participant’s posture and motion (for a review, see Herold et al., 2018).
Accordingly, fNIRS can be used for studying both the simulation and the execution of whole-
body movements (e.g., Batula et al., 2017; Shen et al., 2024), while fMRI only allows for the
examination of physical exercise simulation. Future studies should thus capitalize on these
advantages of fNIRS to examine how brain activity is modulated by the simulation and the
enactment of plogging (versus running) activity within real-life immersive environments. This
appraoch would enhance our knowledge on how the human mind processes pro-ecological
modalities of exercise.

To conclude, this study identified brain activity patterns in response to different types
of enactive simulation of physical exercise, that is, either by projecting in a visual guided
simulation of running or plogging across a naturalistic trail. These findings open new paths for
a better understanding of how humans project themselves into specific types of physical

exercise while interacting with their environment.
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6.3.1. Supplementary materials — Study 2

Table S1.

Descriptive statistics for stress ratings

No time pressure Time pressure
Baseline Affect-rich Affect- Baseline Affect-rich Affect-
poor poor

M(@SD) M(SD) M(SD) M(SD) M(SD) M (SD)

Stress rating  2.16 1.88 1.85 1.98 2.05 2

(1.12)  (1.01) (0.98) (1.01) (1.03) (0.99)
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Table S2.

Descriptive statistics for response times

No time pressure

Time pressure

Affect-rich  Affect-poor

Affect-rich  Affect-poor

Mdn (IQR) Mdn (IQR)

Mdn (IQR) Mdn (IQR)

Response

4.59 (4.51)

times

4.95 (4.71)

3(223) 2.93(2.57)

Table S3.

Mean affect ratings of side effects and their monetary equivalents

Side effect Monetary
equivalent
M (SD) M (SD)

Depression 8.04 (2) 6.12 (2.4)
Diarrhea 5.64 (2.18) 4.29 (2.37)
Dizziness 5.99 (1.81) 4.76 (2.29)
Fatigue 4.48 (2.05) 3.29 (2.1)
Fever 5.44 (2.14) 4.46 (2.26)
Flatulence 4.75 (2.33) 3.65 (2.25)
Hallucinations 7.67 (2.08) 5.53 (2.38)
Insomnia 6.87 (2.14) 5.14 (2.48)
Itching 5.84 (2.12) 4.28(2.32)
Memory loss 8.13 (1.88) 6.51 (2.19)
Speech Disorder 6.92 (2.16) 5.38 (2.44)
Trembling 5.44 (2.15) 4.04 (2.38)
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Sensitivity analyses: Dominant choice options

To evaluate whether there were dominant choice options in the stimulus set, we
checked whether there were trials on which there was a lesser loss (as evaluated by the WTP
amount) that was also more likely than the larger loss. Those trials were excluded (N = 1404,
15% of trials), and analyses were repeated. We also repeated these sensitivity analyses using
the affective rating instead of the WTP to identify dominant options, so if there is a choice
option in which the outcome is rated as less aversive that is more probable than the more
aversive outcome, we excluded that trial (N = 1550, 16% of trials). The table below shows
the results of the fixed effects analysis across the different analyses. All results but one were
robust to the sensitivity analyses. The interaction between affect condition and time pressure
on EV maximization is no longer statistically significant when dominant choice options are
removed.
Table S4.

Result of sensitivity analyses for EV maximization and risk attitudes

Fixed effect  Full dataset No dominant option No dominant options
based on WTP based on affect rating
EV X(1) p X(1) p X(1) p
maximization
Interaction 4.13 <0.05 1.11 0.29 0.89 0.34
TP 0.01 0.93 0.17 0.68 0.32 0.56
Affect 297.38 <0.001 2.78 <0.001 336.27 <0.001
Risk X*(1) p X2(1) p X*(1) p

Interaction  10.58 <0.001 5.24 <0.05 5.35 <0.05
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Table S5.

Result of sensitivity analysis on log-linear analysis for decision-making strategies

Full dataset No dominant option No dominant options
based on WTP based on affect rating
Retained model Deviance p Deviance p Deviance p

Affect*Strategy 29.13 <0.001 110.94 <0.001 91.31 <0.001

Coefficient Estimate  p Estimate p Estimate  p
(SE) (SE) (SE)
Affect- 2.04 <0.001 3.18 <0.001 2.84 <0.001
rich*Affect  (0.54) (0.48) (0.47)
heuristic
Figure S1.

Average stress ratings across timepoints.
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—— No time pressure
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Figure S2.

Monetary evaluation task: Distribution of willingness-to-pay amounts in €
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Note. The x-axis is truncated at 100€ for better visibility of the boxplots.
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Table S6.
Descriptive statistics for distress and familiarity ratings
) Distress Familiarity

Side effect Mean SD Mean SD
Anxiety 3.74 0.86 3.32 1.25
Blurry sight 3.42 1.06 2.35 1.28
Breathlessness 2.5 0.79 2.53 1.11
Chest pain 3.06 1.04 2.09 1.1
Chills 1.79 0.77 3.06 1.01
Confusion 3.47 1.02 1.91 1.03
Constipation 2.91 1.11 2 1.07
Dry mouth 1.88 0.72 2.76 0.92
Fatigue 3.38 1.04 3.94 0.78
Fever 3.38 0.89 2.62 1.10
Flatulence 2.53 0.83 2.56 1.05
Hair loss 3.62 1.13 1.68 1.12
Headache 3.85 0.82 3.41 1.10
Insomnia 3.76 1.18 2.29 1.36
Irritability 3.38 1,04 2.82 1.11
Itching 3.06 1.07 2.82 1.09
Loss of 2.65 1.07 2.18 0.99
appetite
Vomiting 3.94 0.98 2.44 0.99

Table 1. Descriptives of distress and familiarity ratings across side effects presented

Table S7.

Average vividness score of forecasts per condition

-, Vividness
Condition Mean D
Side effect 3.62 0.78
Remission 3.12 0.84
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Regions activated exclusively for side effect and remission conditions respectively

MNI
Contrast Cluster K coordinates ;ax p Anatomical region
X y z
‘Side 1 209 -36 62 -6 4.32 0.002 Frontal pole
effect
minus
remission’ | 2 169 50 6 -8  4.09 0.007 Planum polare,
temporal pole
2 46 -8 4 3.92 Heschl’s gyrus,
Insular cortex
2 42 14 2 3.8 Insular cortex,
Heschl’s gyrus
2 44 0 0 3.57 Insular cortex, Central
opercular cortex
2 58 2 0 3.55 Planum polare,
central opercular
cortex, superior
temporal gyrus
(anterior division)
3 119 -40 -2 -10 4 0.03 Insular cortex
3 44 -4 2 3.92 Insular cortex, central
opercular cortex,
planum polare
‘Remission | 1 492 36 24 52 4.91 <0.0001 Middle frontal gyrus,
minus side superior frontal gyrus
effect’
1 18 34 54 4.35 Superior frontal gyrus,
frontal pole
2 283 26 50 8 4.91 0.0002 Frontalpole

Note. Results are based on the Harvard-Oxford cortical and subcortical structural
atlases. Local maxima that fall into an already mentioned anatomical region are

omitted. K: cluster size. p is family-wise error corrected at p<0.05
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Regions activated for positive/negative affective forecasting
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MNI
Contrast Cluster K coordinates n;ax p Anatomical region
X y z

‘Side 1 2068 -40 8 -2 5.26 <0.0001 Insular cortex, central
effect opercular cortex
minus

baseline’ | 1 -46 34 14 5.19 Frontal orbital cortex,

frontal pole

1 -52 14 -2 5.15 Inferior frontal gyrus
(pars opercularis)

2 1742 -24 -98 -8 6.76 <0.0001 Occipital pole

2 -32 -96 -10 6.43 Occipital pole, lateral
occipital cortex
(inferior division)

3 1307 -4 6 58 5.37 <0.0001 Juxtapositionallobule
cortex, superior
frontal gyrus

4 1263 32 -96 -4 6.19 <0.0001 Occipital pole, lateral
occipital cortex
(inferior division)

5 399 38 -80 -36 4.74 <0.001 Right crus |, right crus
Il

6 252 40 10 O 4.92 0.0007 Central opercular
cortex, frontal
operculum cortex,
insular cortex

6 56 18 -4 3.74 Infrerior frontal gyrus

(pars opercularis,
pars triangularis),
temporal pole



6 56
6 58

‘Remission | 1 1642 -6

minus

baseline’
1 -10
1 -4
2 1544 -24
3 1478 -50
3 -46
4 1184 32
5 583 -34
5 12
6 178 44
7 150 28

24

34

42

18

-96

16

42
-94

58

54

-62
-80

64

44

50

3.72

3.28

5.68

4.32

4.19

6.75

5.35

5.22
6.17

4.55

4.25

4.61
4.56

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

0.004
0.009
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Inferior frontal gyrus
(pars triangularis),
frontal orbital cortex
Inferior frontal gyrus
(pars triangularis),
frontal pole
Juxtapositional
lobule, superior
frontal gyrus

Frontal pole, superior
frontal gyrus
Paracingulate gyrus,
superior frontal gyrus
Occipital pole, lateral
occipital cortex
(inferior division)
Inferior frontal gyrus
(pars opercularis,
pars triangularis),
frontal operculum
cortex

Frontal pole
Occipital pole, lateral
occipital cortex
(inferior division)
Frontal pole

Superior frontal
gyrus, frontal pole
Right crus |

Right crus |, right crus
Il

Note. Results are based on the Harvard-Oxford cortical and subcortical structural
atlases. Cerebellar regions were identified using the ‘Cerebellar Atlas in MNI152 space
after normalization with FNIRT’ atlas. Local cluster maxima that fall into an already
mentioned anatomical region are omitted. K: cluster size. p is family-wise error

corrected at p<0.05
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Parametric modulation of neural activity by anticipated distress score

MNI
Contrast Cluster K coordinates n;ax p Anatomical region
X y z
‘Side 1 1608 30 -60 -26 3.92 <0.0001 RightVI
effect
minus
baseline’ | 1 32 -66 -24 3.74 Right VI, right crus |

1 6 -62 -24 3.15 Vermis VI, right V,
right VI

1 -4 -66 -36 3.11 Vermis Vllla

2 1570 -16 -74 58 3.39 <0.0001 Lateraloccipital
cortex (superior
division)

2 -22 -90 30 3.24 Occipital pole

2 -6 -76 54 3.24 Precuneous cortex,
lateral occipital
cortex (superior
division)

2 -10 -88 30 3.18 Cuneal cortex,
occipital pole, lateral
occipital cortex
(superior division)

3 602 -42 -58 -28 3.5 0.008 Left Crus |

3 -18 -70 -24 3.25 Left VI

4 552 -40 -2 62 3.49 0.013 Middle frontal gyrus,
precentral gyrus

4 -44 12 64 2.78 Precentral gyrus,
postcentral gyrus

4 -46 18 32 2.64 Middle frontal gyrus,

inferior frontal gyrus
(pars opercularis)
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5 513 0 -8 8 3.95 0.019 Thalamus
5 -6 -2 8 3 Thalamus, Caudate

6 443 50 4 50 3.53 0.043 Precentral gyrus,
middle frontal gyrus

6 22 -8 72 2.9 Superior frontal
gyrus, precentral
gyrus

‘Remission | 1 654 -50 -66 40 3.39 0.003 Lateral occipital

minus cortex (superior

baseline’ division), angular
gyrus

2 606 -46 52 O 3.61 0.005 Frontal pole

2 -6 54 -18 3 Frontal medial cortex,
frontal pole

3 509 -66 -32 -18 4.1 0.01 Middle temporal
gyrus (posterior
division), inferior
temporal gyrus
(posterior division)

3 -60 -14 -8 3.04 Middle temporal
gyrus (posterior,
anterior divisions),
superior temporal
gyrus (posterior,
anterior divisions)

Note. Results are based on the Harvard-Oxford cortical and subcortical structural
atlases. Cerebellar regions were identified using the ‘Cerebellar Atlas in MNI152 space
after normalization with FNIRT’ atlas. Local cluster maxima that fall into an already
mentioned anatomical region are omitted. K: cluster size. p is family-wise error
corrected at p<0.05, importantly we used a threshold of z>2.3 for the current analysis
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