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GENERAL INTRODUCTION

Imagine the first time you fell in love. Think back about how exciting this time was.
Every smile caused a cascade of feelings, every touch let your skin tingle, and every kiss
made your knees wobble. Not only did the interactions with your loved one make you feel
happy, but even in general, life seemed bright as if through rose tinted glasses. You felt
great, strong, like you could move mountains. Your partner was the most amazing perso n
you had ever met, you thought you could easily tackle any challenge together and would
live happily ever after. It may not have necessarily turned out like this, however this vivid
example shows how your mood state can influence your perception of the en vironment,
your expectations of the future, and your behaviour. Although we all know this feeling, it
is difficult to investigate with scientific methods, given that a situation like this involves
multiple and heterogeneous affective experiences in a complex social and ever-changing
world. To study the effects of positive mood on perception, evaluation and behaviour, it is
necessary to step back and look at the distinctive, basic processes that are relatively well
understood already, before general and broad mechanisms can be explored. Among them,
a very important cognitive process is performance monitoring, which refers to the constant
monitoring of actions and their consequences. This process is crucial for processing and
overcoming challenges in our environment, and fosters goal adaptive behaviour. Given its
importance, as well as the long and rich research behind it, it is suitable for studying
modulatory effects of positive mood on cognition and behaviour. In the following sections,
a review of empirical data and theoretical models available in the literature about positive
mood per se (as opposed to positive affect or emotion) is first presented, to get a better
grasp on how it can influence cognition and behaviour. Following this, basic principles of
performance monitoring are introduced, before effects of positive mood on this process
are reviewed. Lastly, the main research questions addressed in this thesis in the different
empirical chapters are outlined.
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Positive Mood
The pursuit and maintaining of joy or happiness has great importance on our everyday
life. It is seen in countless books and self-help guides, whose aim is to provide others the
path to happiness and how to be happy. This abundance is in stark contrast with scientific
research in psychology and neuroscience, which offers scant and disarrayed exploration on
the topic, and is largely foreshadowed by a majority of studies that report negative affect.
This asymmetry is rooted in the clinical relevance of negative affect that characterises
prevalent psychiatric conditions such as major depression, anxiety disorders and
schizophrenia. Nevertheless, more and more research is showing that feeling happy is not
simply the absence of negative emotions, but needs to be cultivated and increased in its
own, for the individual’s positive well-being (Jacobson, Martell, & Dimidjian, 2006;
Lewinsohn & Graf, 1973). Although the importance of positive affect for mental health and
well-being seems obvious, it is only recently that research on this topic has gained
attention, with valuable attempts made to set up the discipline of positive psychology, i.e.
“the scientific study of positive human functioning and flourishing” (Seligman, Steen, Park,
& Peterson, 2005). Thanks to these valuable efforts, the beneficial role of positive mood on
well-being and resilience has been scrutinized, revealing psychological (Tice, Baumeister,
Shmueli, & Muraven, 2007), intellectual (Isen, 2008), and physical (Burton & King, 2009)
advantages from this specific mood state. The effects of positive affect have not only been
studied at a broad and general level, researchers have also tried to isolate the specific
underling mechanisms that support these long-lasting effects. In this context, a growing
body of studies has described effects of positive mood on cognitive control (Chiew & Braver,
2014; Goschke & Bolte, 2014), executive function (Mitchell & Phillips, 2007), selective
attention (Vanlessen, De Raedt, Koster, & Pourtois, 2016) and thinking styles (Bolte &
Goschke, 2010). However, before effects of positive mood on these cognitive processes are
reviewed and discussed, it is important to clarify first what positive mood actually entails
as distinctive mood state, and hence, what it corresponds to in this thesis.
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Defining Positive Mood
When it comes to the definition of positive mood, two separate concepts need to be
discussed. First, it appears important to explain what is meant by mood, as this notion is
frequently mixed up with core affect or emotion. From there, positive mood will be defined
in relation to effects of affect and emotion.

Affect, emotion, mood? Different trees, same forest
Studies on the influence of positive affect on cognition and behaviour can focus on
different affective levels. The most general one is the idea of the (core) affect, which has
been described as a “neurophysiological state consciously accessible as a simple primitive
non-reflective feeling most evident in mood and emotion […]. Core affect is primitive,
universal, and simple, [and] can exist without being labelled, interpreted, or attributed to
any cause.” (Russell, 2003, p. 148). Therefore, every individual is in a constant, specific
affective state that can influence cognition and behaviour. Moreover, the individual usually
does not reflect on their current affective state, although they can choose to be actively
aware of it. Hence, affect is a very broad term that refers to a subjective feeling that
incorporates both a mood state or an emotion (Frijda, 1993). However, mood states can be
clearly dissociated from emotions. While there are countless definitions of what exactly an
emotion is, most of them agree that it triggers a “complex set of interrelated subevents
concerned with a specific object” (Russell & Barrett, 1999). Crucially, whereas emotions are
related to a specific stimulus or trigger, like an event or a person, moods lack this eliciting
object (Frijda, 1993); moods are diffuse, global, of low intensity, but longer lasting (from
hours to days) than emotions. While it is easy to say that receiving an unexpected gift made
me happy, as it elicited an emotion (i.e. surprise or happiness), it is difficult to explain why
I was in a good mood on a particular day, as there does not appear to be any specific cause
or reason for that change in my mood. The current thesis focusses on the latter
phenomenon. Where emotions can be thought of as behavioural, physiological and adaptive
reactions to meaningful stimuli, moods are comparatively less intense, subtler and showing
longer lasting effects on feelings and cognition. However, both phenomena can be
described in terms of their positive affective content (i.e. valence). In psychology, the
10
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dominant models of affect usually adopt a dimensional view, focussing on emotions or core
affect rather than mood. Accordingly, it is important to first describe what these
dimensions of affect actually correspond to, at a general level.

Dimensions of Affect – everything flows
One of the oldest and most prominent categorisations of affective experiences is
based on affective valence or pleasantness, which appears obvious. In this framework, a
distinction is made between positive or pleasant affective states, for example, when we
are reunited with an old friend, and negative affective states, when we have to say goodbye
again. The differentiation between positive and negative affective states is not farfetched,
as it is embedded in language and hence communication of emotions (Osgood, Suci, &
Tannenbaum, 1957). The high relevance of affective valence as dimension to describe and
differentiate existing affective states is manifest when one considers the most commonly
used questionnaire to titrate affective states, namely the Positive and Negative Affect
Schedule (PANAS, Watson, Clark, & Tellegen, 1988). As the name suggests, the affective
experience of an individual is mapped onto two (independent) dimensions. Relatedly, the
differentiation in positive and negative affective states can also be understood in terms of
approach and avoidance motivation, respectively. In this framework, positive emotions are
usually associated with the motivation to approach a positive rewarding stimulus or
situation, while negative affect is paired with the tendency to withdraw a negative,
unpleasant or threatening situation. However, it is important to note that this
correspondence is not full, and some negative emotions can actually trigger both
tendencies for instance, as discussed below (Cacioppo & Gardner, 1999; Nettle & Bateson,
2012).
Although there is a large body of evidence supporting the existence of affective
valence as distinctive dimension, it appears hard to assume that a single dimension is
eventually able to capture and subsume all existing affective experiences in humans
however. For example, we can feel very at ease when we receive a relaxing massage and
very excited when we hear our favourite song at a live concert. In both situations, we feel
a very positive affective state, but they can be clearly differentiated from each other in
11
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terms of their respective affective arousal or activation. In an early attempt, Thayer (1986)
tried to measure affective arousal along the dimension of activation and dea ctivation,
ranging from sleepiness to aroused. This idea was later integrated in the popular
circumplex model of affect and emotions (Feldman Barrett & Russell, 1998). In this
framework, affective states not only range from pleasant to unpleasant, but also from
active to inactive, and these two dimensions are deemed orthogonal (see Figure 1.1.).
Support for these two independent systems comes from neurobiological evidence, showing
that positive valence depends on dopamine and serotonin neurotransmissions (Hélie, Paul,
& Ashby, 2012), whereas arousal is primarily driven by norepinephrine/noradrenaline (C. W.
Berridge, Schmeichel, & España, 2012).

Figure 1.1. Circumplex model of emotions. Each emotion can be mapped onto the
valence/pleasantness and arousal/activation dimensions, which are orthogonal. (Modified from
Feldman Barrett & Russell, 1998)

Although the circumplex model of affect has been shown to be very useful when it
comes to study affect in general, the authors acknowledged some shortcomings. It "fails to
explain adequately how fear, jealousy, anger, and shame are different." (Russell, 2003, p.
150). Even though this problem cannot be solved easily, some authors have suggested that
considering a third dimension, namely the motivational direction or regulatory focus, could
probably help to model the range of affective states better than the bidimensional
circumplex model (E. Harmon-Jones, Gable, & Price, 2013; Idson, Liberman, & Higgins, 2000).
According to this concept, affective states can have either a prevention focus, ensuring that
responsibilities are met, safety, and withdrawal from adverse situations, or a promotion
12
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focus in which self-regulation is focused on accomplishments and behavioural tendencies
reflecting approach motivation. Under this model, the difference between anger and fear,
both being highly unpleasant states, is found at the level of the corresponding motivational
direction. Fear triggers withdrawal and avoidance, whereas anger goes along with the
motivation to approach (C. S. Carver & Harmon-Jones, 2009).
However, although these two/three main dimensions of affect are important and
can probably help to explain the variability in cognition and behaviour seen a cross different
states or situations, studies assessing their respective contribution to cognition are
actually rare. In the existing affective science literature, most studies available usually
compare effects of positive affect with a negative or neutral affective state, thereby only
focusing on a single dimension (affective valence). However, arousal or motivational
differences could also explain possible differences between these two affective states. This
limitation is explicitly addressed at different levels in the current thesis, such as Chapter
8, where the effects of approach motivation and positive mood on reward processing are
directly compared to each other. For now, however, we will focus on (positive) affective
valence.

Influence of Positive Mood on Cognition
Since the beginning of Positive Psychology as a distinct field (Seligman &
Csikszentmihalyi, 2000), modulatory and beneficial effects of positive affect on behaviour,
cognition, health, resilience and well-being have frequently been examined and reported
in the literature. The next section provides a short review of the different cognitive
processes that have been shown to be influenced by positive affect, before some existing
models and theories on this topic are considered and presented.

Positive affect plays a role here, and there and everywhere
Positive affect has been shown to influence high-level cognition, including reasoning
and decision making (Blanchette & Richards, 2010). A frequently studied and reported result
is the beneficial effect of positive mood on creativity (Lyubomirsky, King, & Diener, 2005).
For example, positive mood (compared to a neutral state) can increase performance on an
13
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anagram task (Erez & Isen, 2002), promote the production of unusual associations (Isen,
Johnson, Mertz, & Robinson, 1985), and facilitate activation of remote associations in
memory (Bolte, Goschke, & Kuhl, 2003). Generally speaking, positive mood has been linked
to: enhanced cognitive flexibility (Isen, Daubman, & Nowicki, 1987); global, rather than local,
processing styles (Gasper & Clore, 2002); and a heuristic thinking style that encourages
exploration rather than exploitation (Fiedler, 2001). But this increased flexibility can also
be disadvantageous in some cases and comes at a cost. For example, positive affect can
impair cognitive control (Goschke & Bolte, 2014) or executive functions in general (Mitchell
& Phillips, 2007). Positive affect can attenuate proactive control (Dreisbach, 2006; van
Wouwe, Band, & Ridderinkhof, 2011; Vanlessen, De Raedt, Mueller, Rossi, & Pourtois, 2015) ,
interfere with behavioural inhibition (Philips Bull 2002), and impair working memory
capabilities (Martin & Kerns, 2011). Positive affect has been shown to broaden the focus of
attention (Vanlessen et al., 2016). Furthermore, it has been suggested that positive affect
leads to a more positive perception of self and others (Forgas, 2002), or biases the
perception of success (Barsade, 2002). Similarly, positive affect has been shown to support
prosocial behaviour, as participants in a positive mood are more likely to help a stranger
(Snippe et al., 2018). Overall, these empirical studies illustrate that effects of positive af fect
are probably not circumscribed to a specific cognitive process or function, but can influence
many of them, yielding either beneficial or detrimental effects on cognition. However, at
the theoretical level, effects of positive affect on cognition are mostly based on studies on
complex judgments or subjective evaluations, ranging from arbitrary consumer products
to life satisfaction. These judgements are more positive when individuals experience a
positive affective state (Gerald L Clore & Huntsinger, 2007; Schwarz & Clore, 1983, 2003; C.
W. M. Yeung & Wyer, 2004).

How affect influences cognition
Tentatively, we can organize models in the existing literature about how and why
positive mood influences cognition using three clusters. Using this taxonomy, positive
affect is regarded as (i) distracting information, (ii) providing valuable information or (iii)
holding an important function for successful adaptation.
14
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According to the first affect as distraction perspective, the broadened attentional
scope usually associated with positive affect is interpreted as reflecting an increased
distraction to irrelevant information (Bäuml & Kuhbandner, 2009; Dreisbach & Goschke,
2004). Consequently, the holistic and heuristic processing style associated with positive
affect (Bless & Burger, 2017) is usually interpreted as disadvantageous. In this framework,
positive mood is considered as a distractor, consuming important processing capacities
that would be otherwise used for goal-oriented and analytical thinking (Ellis & Ashbrook,
1989; Mackie & Worth, 1989). Specific biases during information processing seen with
positive affect can also be interpreted along these lines. For example, information that
supports the current affective state (in terms of their emotional and factual content)
usually gains more attention and priority (Bower, 1981; Forgas & Bower, 1987; Isen et al.,
1987), but of course this can impair other processes. This tuning of informa tion processing
towards information available that is compatible or similar with the current affective state
is usually referred to as mood congruent processing. Mood congruency effects have been
reported for memory recall (Bower, 1981; Forgas, 1995; Isen et al., 1987), social judgment
(Forgas & Bower, 1987; Johnson & Tversky, 1983) and attributions (Seligman, Abramson,
Semmel, & von Baeyer, 1979). These effects have been explained by the activations of
mental representations and memory traces. Given that affective feelings, cognition and
attitudes are integrated in a complex associative network, positive affect facilitates the
recall of affect-congruent memories and processing styles, which are then used to process
new information, to make decisions and to trigger behaviour (Bower, 1981). This biased
information processing induces optimistically biased expectations regarding the
consequences of actions and future possibilities. In this framework, several studies have
shown that participants in a positive affective state tend to overestimate and
underestimate the likelihood of positive and negative events respectively (Mayer, Gaschke,
Braverman, & Evans, 1992; Sharot, 2011; Sharot, Korn, & Dolan, 2011; Wright & Bower, 1992).
Optimistic expectations can in turn lead to biased decisions and changes of behaviour
(Eldar, Rutledge, Dolan, & Niv, 2016; Loewenstein & Lerner, 2003) .
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Nevertheless, mood congruent processing occurs only under certain circumstances.
For example when the presented material is easy and well structured, mood congruency
effects are usually pushed back, as the provided information already offers sufficient and
potent retrieval cues (Fiedler, Nickel, Muehlfriedel, & Unkelbach, 2001). Although positive
affect can cause distraction during information processing and fosters mood congruency
effects, other authors have posited that it provides valuable information to the organism,
and hence it probably has a specific adaptive function beyond mere distraction or adoption
of a loose processing style.
In the second affect as information perspective, affect is not just a by-product or
distractor. Instead, affect is a valuable source of information used actively or directly by
the individual to guide and influence information processing. In an early and quite
ambitious attempt, Schwarz & Clore (1983) suggested that individuals do not make
judgements and perceive the environment based on the available objective information
only, but instead ask themselves “How do I feel about it”? (G. L. Clore et al., 2001; Schwarz,
1990, 2012), stressing the affective reaction towards new material as the decisive factor.
This inferential process is based on experience, but consequently can lead to misattribution
of the affective states as a heuristic cue, when the affective state is elevated and the source
of this change is unknown to the individual (Berkowitz, Jaffee, Jo, & Troccoli, 2000). A
classic example supporting this assumption is a study in which people rated their life
satisfaction higher on sunny days (going along with positive affect) than on rainy days. But
as soon as the weather was made relevant in a conversation, this bias disappeared
(Schwarz & Clore, 1983). Interestingly this bias between affect and weather judgments
works in both directions, as a good mood leads to more positive judgments about the
weather, as long as the source of this was not addressed (Messner & Wänke, 2011). This idea
(together with the concept of mood congruent processing styles) was later incorporated
into the affect infusion model (Forgas, 1995). This argues that judgements can come about
from four different processing styles, whose selection depends on familiarity, complexity
and motivational relevance of the problem and importantly, the affective state of the
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individual. The more complicated and complex a situation becomes, the more the affective
states influences the evaluation and decision process.
Whereas these two groups of models try to explain how positive affect can influence
cognition, a third one seeks to shed light on why these effects actually occur, and what
they may be good for (affect as function). As positive affective states are more pleasurable,
it has been proposed that changes in cognitive processes are initiated in order to maintain
the positive affective state (Isen, 2008). Therefore, mood congruent information is
processed preferentially and a more heuristic processing style is observed with positive
affect because these changes actually serve to sustain and protect the current affective
state. Alternatively, the functional utility of affective states could account for these
changes: Positive affective states signal that the environment is safe and benign, that
personal goals are being met and resources are adequate. Hence, a relaxed, intuitive and
creative processing style can be used and fostered (Bodenhausen, Kramer, & Süsser, 1994;
C. Carver, 2003; Fiedler, 2001) . In contrary, negative affective states signal a possibly
threatening, challenging or unpleasant situation that needs to be changed or at least
avoided, therefore requiring a more analytic, systematic and vigilant processing style
(Fredrickson, 1998; Mackie & Worth, 1989; Schwarz, 1990). In the seminal work of the
“broaden and build” theory of positive affect, Fredrickson (2004, 2013) took this concept of
the adaptive significance of affect even further. Compared to negative affective states, she
proposed that positive affect does not only broaden attention and cognition, but expands
the momentary thought–action repertoire, which contributes to building long-term
personal resources that can be social, (Lyubomirsky et al., 2005; Snippe et al., 2018),
intellectual (Isen et al., 1987) or physical in nature (Burton & King, 2009; Pressman & Cohen,
2005). Furthermore, these extended resources can then be used to cope with future
challenges and therefore maintain beneficial effects brought by positive affect over time,
which is a crucial mechanism for resilience (Cohn, Fredrickson, Brown, Mikels, & Conway,
2009; Conway, Tugade, Catalino, & Fredrickson, 2013; Philippe, Lecours, & Beaulieu -Pelletier,
2009). Moreover, increased resources make the experience of future positive affect more
likely, creating an upward spiral of positive affect (Fredrickson & Joiner, 2002; Garland et
17
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al., 2010). In this model, positive affect does not only lead to a broadening of att ention and
flexible processing style, but it can stimulate psychological resilience, thereby actively
contributing to mental and physical health, as well as well‐being.
This previous sectioned provided a definition of positive mood and highlighted the
many ways of how positive mood influences cognition on multiple levels. However, the
current thesis focusses on one specific cognitive process, such as performance m onitoring.
Therefore, the next section will first detail performance monitoring from a psychological
and neurobiological perspective. Afterwards, we systematically review studies that show
how positive affect modulates this crucial process.

Performance Monitoring
In everyday life, we face multiple challenges, even in early morning hours. For
example, when we unmindfully put a second spoon of sugar into our coffee only to find out
that it is too sweet. When we mistype the passcode on the phone but already no tice it
before submitting it. When we open the mail and find a reminder to pay the bills, next to a
note informing us that we won in the raffle in which we participated. In all these situations,
we are monitoring our actions and their consequences. This constant monitoring is
important in order to trigger adjustments of our behaviour if necessary (i.e. when
mismatches occur between goals and actions), like adding more coffee to reduce the
sweetness of the coffee or paying more attention to the keyboard of the phone. Even when
the consequences of our actions are delayed, they are linked to previous actions, and
appropriate behavioural adjustments are triggered (like paying the bill or enjoying a prize).
These examples show that performance monitoring is efficient and seemingly automatic,
often running without effort or awareness. However, this fundamental ability is
implemented by different processes embedded in a complex cognitive architecture. The
central role is played by the rapid detection of mismatches between goals and actions,
which in turn triggers remedial processes. This is outlined further below.
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A Broad Perspective on Performance Monitoring
Humans are masters of adaptability, not only from an evolutionary perspective but
also in how they efficiently deal with new challenges in an ever-changing environment. In
order to achieve long-term, as well as short-term goals and to optimize behaviour, it is
necessary to carefully monitor actions, outcomes, and their consequences. This way,
negative outcomes are avoided and the chance to accomplish goals is increased. This ability
stems from a complex cognitive architecture where multiple operations take place. They
include not only action selection, planning and execution (i.e. motor cognition), but also
the evaluation of outcomes and behavioural adjustments, learning and plasticity. Central
to this cognitive architecture is a mechanism which swiftly extracts the value of an
outcome and triggers effective “troubleshooting” if necessary. Value extraction is made
possible by a rapid and efficient feedback loop, where the actual and the intended
value/outcome are compared to each other. If these two happen to mismatch, prompt
“adjustments” are unlocked at multiple levels in the central nervous system (Botvinick,
Braver, Barch, Carter, & Cohen, 2001; Ullsperger, Danielmeier, & Jocham, 2014) .

Figure 1.2. Cognitive architecture of performance monitoring. A central feedback loop enables
detection of mismatches between goals and actions, and the triggering of behavioural adjustments
and predictions upon their detection. (Figure taken from Ullsperger, Danielmeier, et al., 2014)

Because performance monitoring is one of the building blocks of self -regulation and
cognitive control, it has been studied extensively in the past, both in psy chology and
neuroscience. Usually, performance monitoring relies on specific cues or signals to infer an
19
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action’s, or outcome’s value at a given time. In this context, two levels have often been
considered in the past. Where possible, internal or motor-based cues are used to assess if
a given action is correct or not. In many situations however, there is quite some uncertainty
as to the accuracy at the response level, and therefore external cues, such as evaluative
feedback are used to inform about action’s value (Ullsperger, Fischer, Nigbur, & Endrass,
2014). Interestingly, insights and breakthroughs into performance monitoring operating at
these two levels have been gained by the use of electroencephalography (EEG) in humans.
EEG is a non-invasive neurophysiological technique that allows us to track brain activity
using a millisecond time resolution. This brain activity corresponds to the transient
(de)synchronization of a large pool of (radial oriented) pyramidal neurons in the cortex
(Nunez & Srinivasan, 2006). By measuring and averaging these activities elicited for the
same event (either the response or the feedback in the present case) across several trials,
it is possible to establish event-related brain potentials (ERPs) that provide detailed
information about performance monitoring at the neural level (Luck, 2005a). Using this
technique, a long research tradition in performance monitoring has focused on two
distinctive ERP components, namely the “error-related negativity” (ERN) and the
“feedback-related negativity” (FRN), corresponding to action evaluation at the response
and feedback level, respectively. These two ERP components have distinctive and specific
electrophysiological properties that inform about performance monitoring (and by
extension its modulation by mood or affect), and accordingly, are introduced in the next
section.

EEG Components of Performance Monitoring

To Err is human: The error-related negativity & positivity
Different theories have been put forward to account for the ERN component. Altho ugh
they slightly vary, they all share a common notion that this component reflects the first
and early stage during which a discrepancy between the incorrectly executed and the
intended action is swiftly detected (Ullsperger & Danielmeier, 2016). What differs between
the existing theories is how this discrepancy is actually computed, and hence what the ERN
eventually reflects. Following the Mismatch theory, this discrepancy corresponds to a
20
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mismatch between the representations of the executed and the correct actions
(Falkenstein, Hoormann, Christ, & Hohnsbein, 2000; Gehring, Goss, Coles, Meyer, & Donchin,
1993). Alternatively, the (Response) Conflict theory emphasizes response conflict between
concomitantly evolving response tendencies as the main process through which this
discrepancy is detected (Botvinick et al., 2001; N. Yeung, Botvinick, & Cohen, 2004). Last, the
Reinforcement Learning theory interprets this discrepancy as an error of predictions about
the success of actions (Holroyd & Coles, 2002).
Distinct from this early discrepancy detection captured by the ERN following error
commission, the subsequent error positivity (Pe) likely reflects more elaborate error
monitoring processes. Originally there were attempts made to connect the Pe to affective
processing (Falkenstein et al., 2000) or behavioural adaption (Nieuwenhuis, Ridderinkhof,
Blom, Band, & Kok, 2001) given that errors are usually aversive or deviant, and lead to a
slowing in reaction time speed visible at the next trial level (known as the post -error
slowing effect; see Rabbitt, 1966). However, nowadays the Pe is usually interpreted as
reflecting the conscious appraisal of response errors and/or the processing of their
enhanced motivational significance (Di Gregorio, Maier, & Steinhauser, 2018; Koban &
Pourtois, 2014; Nieuwenhuis et al., 2001; Overbeek, Nieuwenhuis, & Ridderinkhof, 2005 ;
Ridderinkhof, Ramautar, & Wijnen, 2009; Shalgi, Barkan, & Deouell, 2009). This idea is based
on studies where the Pe covaried with error awareness (Nieuwenhuis et al., 2001) and error
salience (Leuthold & Sommer, 1999).
Additional support for the notion that the Pe and ERN components reflect dissociable
mechanisms during error monitoring at the response level comes from source localisation
of these components. The intracranial generator of the ERN was computed using source
estimation of the EEG/ERP (Dehaene, Posner, & Tucker, 1994; M. J. Herrmann, Römmler, Ehlis,
Heidrich, & Fallgatter, 2004; O’Connell et al., 2007), MEG (J. Keil, Weisz, Paul-Jordanov, &
Wienbruch, 2010; Miltner et al., 2003), or using combined fMRI and EEG data (Agam et al.,
2011; Debener et al., 2005; Ullsperger & von Cramon, 2001). Irrespective of the method used,
these studies consistently reported the dorsal Anterior Cingulate Cortex (dACC) as being
the main intracranial generator of the ERN component. The Pe on the other hand was linked
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to more rostral parts of the ACC and in some studies to the anterior insula as well (Dhar,
Wiersema, & Pourtois, 2011; M. J. Herrmann et al., 2004; Mathewson, Dywan, & Segalowitz,
2005; Van Veen & Carter, 2002), which has been related to interoception (Craig, 2011; Singer,
Critchley, & Preuschoff, 2009) and salience processing (Inzlicht, Bartholow, & Hirsh, 2015;
Seeley et al., 2007; Uddin, 2015; Ullsperger, Harsay, Wessel, & Ridderinkhof, 2010) .

Figure 1.3. Illustration of the ERN and the FRN component (adjusted from Cavanagh & Frank, 2014;
Ullsperger, Danielmeier, et al., 2014).

Show me the money! The FRN and RewP
Oftentimes, participants cannot easily derive the value or accuracy of their actions
based on an internal representation alone as uncertainty can domin ate. In this case, they
have to process external information, if available, to infer an outcome’s value. In many
situations, external information is made available by means of evaluative feedback
provided shortly after action execution or choice behaviour. At the EEG level, feedback
processing has been linked to the FRN, a fronto-central negativity peaking around 250 ms
after (negative or unexpected) evaluative feedback, and sharing many similarities with the
ERN. However, a marked difference with the ERN is that the FRN component has been
frequently studied in the context of learning and reward processing, besides self -efficacy
or performance per se. Reward vs. no-reward feedback, or correct vs. incorrect feedback, is
usually used to unlock the FRN. The FRN is generally larger, i.e. more negative, for negative
(no-reward) compared to positive (reward), and for unexpected compared to expected
outcomes (Holroyd & Coles, 2002; Holroyd, Krigolson, & Lee, 2011; Holroyd, Pakzad-Vaezi, &
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Krigolson, 2008; Daniela M Pfabigan, Alexopoulos, Bauer, & Sailer, 2011; Sambrook & Goslin,
2015; San Martín, 2012; Ullsperger, Danielmeier, et al., 2014; M. M. Walsh & Anderson, 2012;
Weismüller & Bellebaum, 2016). Because of these properties, the FRN is thought to capture
(signed) reward prediction errors arising in specific fronto-striatal loops, which is a key
determinant of reinforcement learning. Evaluative feedback manifesting worse -thanexpected outcomes triggers the largest FRN (Holroyd & Coles, 2002; Sambrook & Goslin,
2015; M. M. Walsh & Anderson, 2012) .
Nevertheless, because the FRN is usually conceived as an extra deflection (i.e. N2) for
negative or no-reward feedback, which is merely absent for reward or correct feedback,
the functional significance of this component has recently been questioned. Many EEG
studies advocate that the reward positivity (RewP), instead of the FRN, is actually the main
component of interest when assessing performance monitoring (and reward processing)
at the feedback level. Therefore the focus has somewhat shifted in the psychophysiology
literature of late, from negative outcome and the FRN to positive outcome and the RewP.
The RewP component is a positive deflection in the feedback –locked ERP signal arising
within the time window and same fronto-central electrodes along the midline as the FRN.
In this framework, the RewP “suppresses” the negative deflection (i.e. the N2) giving rise
to the FRN component (Gheza, Paul, & Pourtois, 2018; Holroyd et al., 2008; Proudfit, 2015) .
Although the FRN and the RewP share common neurophysiological properties, the RewP
can be dissociated from the FRN at this level. As briefly explained already, contrary to the
FRN component, the RewP is a broad positive deflection being typically larger for positive
(rewarding) compared to neutral or negative (no-reward) feedback (Holroyd et al., 2008;
Proudfit, 2015). Furthermore, and analogous with the FRN for negative feedback, the RewP
appears to reflect signed reward prediction error, i.e. the amplitude of the RewP is larger
for better-than-expected outcomes (Frömer, Stürmer, & Sommer, 2016; Meadows, Gable,
Lohse, & Miller, 2016; Weinberg, Riesel, & Proudfit, 2014).
Similar to the ERN component, the dACC has been pinpointed as the main intracranial
generator of the FRN, and shown by dipole fitting procedures implemented in BESA (Hewig
et al., 2007; Holroyd & Coles, 2002; Miedl, Fehr, Herrmann, & Meyer, 2014; Potts, Martin,
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Burton, & Montague, 2006; Ruchsow, Grothe, Spitzer, & Kiefer, 2002) , source estimations
using LORETA (Bellebaum & Daum, 2008; Gruendler, Ullsperger, & Huster, 2011) or by
simultaneous EEG and fMRI measurements (Hauser et al., 2014). With respect to the RewP,
not only the dACC but also deeper reward related regions like the striatum or broad medial
frontal cortices have been identified as main generators (Becker, Nitsch, Miltner, & Straube,
2014; Carlson, Foti, Mujica-Parodi, Harmon-Jones, & Hajcak, 2011; Foti, Carlson, Sauder, &
Proudfit, 2014; Foti, Weinberg, Dien, & Hajcak, 2011b).

ERN/FRN as Electrophysiological Markers of Reinforcement Learning
As outlined previously, the ERN and FRN component share many similarities regarding
their morphology and functional significance (Miltner, Braun, & Coles, 1997; Ullsperger,
Fischer, et al., 2014; M. M. Walsh & Anderson, 2012). These observations have led to the
influential proposal of Holroyd & Coles (2002), that they both reflect a similar cognitive
process, namely reinforcement learning. This assumption has been later supported by many
EEG studies showing that the ERN and FRN components share a common neurobiological
ground within the dACC, and each track behavioural changes occurring as of function of
reinforcement learning (as identified by PCA approaches, see Gentsch, Ullsperger, &
Ullsperger, 2009; Potts, Martin, Kamp, & Donchin, 2011; or multivariate pattern analysis, see
Zubarev & Parkkonen, 2018). Moreover, during reinforcement learning, these two ERP
components behave in a striking, opposing manner at the single trial level (i.e. when one
is large, the other one is small), suggesting that they likely tap into a common neural
mechanism (Eppinger, Kray, Mock, & Mecklinger, 2008; Frank, Woroch, & Curran, 2005;
Heldmann, Rüsseler, & Münte, 2008; Nieuwenhuis et al., 2002).
An earlier landmark paper by Sutton & Barto (1998) in the field of reinforcement
learning, provided the computational principles underlying the observation of reward
prediction errors, corresponding to the differences between actual and expected outcomes
that directly shape and guide learning. Holroyd & Coles (2002) went a step further and
combined these well-established computational principles with amplitude variations of
the ERN/FRN components seen during simple decision-making tasks in humans. In
particular, these authors assumed changes in mesencephalic dopamine levels with reward
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prediction errors to contribute to the ERN or FRN at the scalp level, and thereby to
reinforcement learning (Glimcher, 2011; Montague, Hyman, & Cohen, 2004; Schultz, 2002).
Specifically, according to Holroyd & Coles (2002), the negative deflection of the ERN
(response-based) or FRN (feedback-based) corresponds to mesencephalic dopamine
neurotransmission that in turn disinhibits the dACC. In this model, phas ic decreases in
dopamine activity disinhibit dACC neurons, producing a more negative ERN/FRN. Conversely,
phasic increases in dopamine activity inhibit the ACC, which produce a more positive
ERN/FRN component (Frank et al., 2005; Holroyd & Coles, 2002; M. M. Walsh & Anderson,
2012).

Beyond evoked brain activity: theta as a marker of cognitive control
EEG is a particularly rich neurophysiological signal. The ERN, Pe, FRN and RewP are
obtained after a standard averaging technique. However, EEG data can also be analysed
using time-frequency decompositions to reveal additional effects. A standard timefrequency analysis is performed at the single trial level first, before the average is
computed. This method is suited to reveal effects that can vary slightly in phase across
trials, which are eliminated by the averaging procedure to calculate ERPs (C. S. Herrmann,
Grigutsch, & Busch, 2005). In other words, the time-frequency analysis has the potential to
gain insights into cognitive processes that a transformation of the EEG data in the time
domain cannot achieve (Cohen, Wilmes, & van de Vijver, 2011; Fell et al., 2004; Makeig et al.,
2002). Last but not least, because oscillations are studied and modelled in different
neuroscientific disciplines and at different neurophysiological levels, interdisciplinary
connections between them is greatly facilitated, which is crucial to gain better and broader
understandings of the performance monitoring brain process, and its modulation by
motivation and/or affect (Cohen, 2017; Vaughan, 1982).
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Figure 1.4 A similar neuro-electrical signature in the theta band (4–8 Hz) over mid-frontal sites is
elicited for different events requiring cognitive control, as conflict signals, negative feedback and
errors (adjusted from Cavanagh & Frank, 2014).

Along the spectrum of EEG oscillations, midfrontal activity within the theta frequency
range (4-8 Hz) has recently gained a lot of attention in the context of performance
monitoring (Cohen, Elger, & Ranganath, 2007; Glazer, Kelley, Pornpattananangkul, Mittal, &
Nusslock, 2018; Luft, 2014; Mas-Herrero & Marco-Pallarés, 2014; Osinsky, Seeger, Mussel, &
Hewig, 2016) and the need for cognitive control upon the encounter of specific challenges
or threats (Cavanagh, Figueroa, Cohen, & Frank, 2012; Cavanagh, Frank, Klein, & Allen, 2010;
Cavanagh & Shackman, 2015; P. S. Cooper et al., 2019). Fronto-medial theta (FMθ) power
usually increases for events or situations that challenge the individual, such as novel or
unexpected stimuli, response errors, or (negative) evaluative feedback. All these situations
require transiently enhanced cognitive control. Importantly for the present work and thesis,
outcomes that are better- or worse-than-expected yield an increase of FMθ power
(Cavanagh, Figueroa, et al., 2012; Hajihosseini & Holroyd, 2013; H auser et al., 2014; MasHerrero & Marco-Pallarés, 2014). Unlike the ERN, FRN, and RewP which all likely correspond
to phasic (signed) reward prediction error signals, FMθ is thought to reflect a generic
cognitive control signal, translating into the recruitment or need of additional control
(Cavanagh & Frank, 2014; Cavanagh & Shackman, 2015; P. S. Cooper et al., 2019) .
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The Influence of Positive Mood on Performan ce Monitoring
As outlined previously in the section titled “How affect influences cognition”, positive
mood influences different cognitive functions, spanning from visual attention to reasoning
(Blanchette & Richards, 2010). Not much is known currently about possible modulatory
effects of positive mood on performance monitoring, which is somewhat surprising giv en
its importance. This paucity of existing studies on error monitoring or feedback processing
is astonishing because dominant models of performance monitoring usually acknowledge
the importance of contextual factors (including the specific mood state of t he participant),
although they are, admittedly, only vaguely defined (Ullsperger, Danielmeier, et al., 2014).
Presumably, performance monitoring does not occur in an affective vacuum but it uses
affect as a valuable source of information to guide it (Forgas, 1995; Schwarz, 2012). In the
next section, we review the evidence gathered in the existing literature on the interplay of
performance monitoring with affect. The focus on the current thesis lies on positive mood
(corresponding to a low intensity and long lasting affective change; see section “Affect,
emotion, mood?”) . As existing studies on mood are scant, this review also considers studies
on emotions (as a short-term reaction to affectively charged stimuli) and affect (defined
as a general trait variable). Furthermore, these studies are presented along with reports
on negative affect for two reasons. First, there is a significantly larger volume of existing
studies on negative affect; and second, this way, possible contrast effects on performance
monitoring between positive and negative affect can be outlined.

Figure 1.5. Contextual factors, including the current affective state, influence the efficiency of the
performance monitoring feedback loop. (Figure taken from Ullsperger, Danielmeier, et al., 2014)
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Performance Monitoring is influenced by Affective States
Several review papers have been published discussing the role of affect on
performance monitoring presented in section “EEG Components of Performance
Monitoring”. These reviews agree and show that the affective state of participants or
specific motivational drives can modulate both the ERN (Koban & Pourtois, 2014; Olvet &
Hajcak, 2008; Weinberg, Riesel, & Hajcak, 2012), as well as the FRN/RewP components
(Keren et al., 2018; van Noordt & Segalowitz, 2012). Not surprisingly, most of the reviewed
studies focused on negative affective states, usually associated with clinical symptoms. For
example, an overactive ERN has been proposed as a valid endophenotype for defensive
reactivity, or internalizing psychopathology such as anxiety disorders or major unipolar
depression (Olvet & Hajcak, 2008; Weinberg, Dieterich, & Riesel, 2015) . In contrast, the
RewP’s amplitude is usually decreased (in terms of difference between positive and
negative feedback) for subjects with anhedonia and enhanced negative affect related to
depression or schizophrenia (Keren et al., 2018; Nusslock & Alloy, 2017).
By comparison, traits associated with positive affect have been (occasionally) linked
with opposite effects on these ERP components, see Table 1.1&2. For example, a decreased
ERN amplitude was related to increased life satisfaction (Larson, Good, & Fair, 2010) or
religiosity (Inzlicht, McGregor, Hirsh, & Nash, 2009). While studies on positive affective
traits and the ERN component (response level) are rare, those on the FRN/RewP
(feedback level) are more frequent. A common finding is that the RewP’s amplitude is
usually increased (in terms of difference between positive and negative feedback) with
specific trait variables somehow related to positive affect. These include hypomanic traits
(Glazer, Kelley, Pornpattananangkul, & Nusslock, 2019; Mason, O’Sullivan, Bentall, & El Deredy, 2012; Mason, O’Sullivan, Blackburn, Bentall, & El-Deredy, 2012), extraversion (A. J.
Cooper, Duke, Pickering, & Smillie, 2014; Smillie, Cooper, & Pickering, 2011; Speed et al.,
2018) or positive emotionality in general (Speed et al., 2018). Similarly, increased RewP
amplitudes were also found in participants reporting increased approach motivation
(Lange, Leue, & Beauducel, 2012; Schmid, Hackel, Jasperse, & Amodio, 2018) or reward
responsiveness (Bress & Hajcak, 2013; A. J. Cooper et al., 2014; Umemoto & Holroyd, 2017).
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Besides studying the link between personality or traits and the neural processing of
errors (ERN) or reward (RewP) during performance monitoring, studies also used state
manipulations in order to elicit specific affective states. For exampl e, negative affect has
been shown to increase the ERN component, through manipulation with emotional pictures
(Wiswede, Münte, Goschke, & Rüsseler, 2009), derogatory feedback (Wiswede, Münte, &
Rüsseler, 2009) or induced helplessness with mathematical problems (D.M. Pfabigan et al.,
2013). By comparison, effects of short-term positive affect on the ERN component are
mixed. On the one hand, while some studies reported an increased ERN component when
positive affect was induced with a memory recall (Bakic, Jepma, De Raedt, & Pourtois, 2014;
Saunders, Riesel, Klawohn, & Inzlicht, 2018) or emotional pictures (Larson, Perlstein, StiggeKaufman, Kelly, & Dotson, 2006). Other studies reported a decreased ERN when positive
affect was induced with movie clips (van Wouwe et al., 2011), when embodied emotions, i.e.
smiles, were applied (Wiswede, Münte, Krämer, & Rüsseler, 2009) or when participants
were asked to ponder over an affective style of music (Larson, Gray, Clayson, Jones, &
Kirwan, 2013). There are also some studies that could not find any influence of positive
affect on the ERN component (Larson, Steffen, & Primosch, 2013; Stürmer, Nigbur, Schacht,
& Sommer, 2011; Wiswede, Münte, Goschke, et al., 2009)
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Table 1.1. Overview of studies on positive affect and error monitoring and related task performance
Study
Bakic et al., 2014

ERN


Saunders et al.,
2018
van Wouwe et al.,
2011
Wiswede, et al.,
2009
Larson, et al.,
2013
Larson, et al.,
2013
Sommer et al.,
2013
Larson et al.,
2006
Stürmer et al.,
2011
Wiswede, et al.,
2009
Larson et al., 2010

Affective Measurement
M Happy
(Memory recall)
M Happy
(Interpersonal Touch)
M Positive
(Movie)
M Smile
(Embodied Emotion)
M Positive
(Ponder to music)
M Mindful
(Short practice)
M Relaxation
(Lunch)
E Positive
(IAPS Pictures)
E Motivation
(Reward Cues)
E Positive
(IAPS pictures)
T Satisfaction with life

Larson et al., 2010

T

Positive Affect

Pe

Behav.


Task
Sample
Probabilistic 32
Learning
Go/No-Go
43



()

AX-CPT

25



=

Flanker

25





=

=

Flanker

121

=



=

Flanker

55

()





Simon

32



()



Flanker

20

=



=

Cued Simon

21

=

()

=

Flanker

22



=

=

Flanker

45

=

=

=

Flanker

45


Inzlicht et al.,
T Religiosity
=
Stroop
28
2009
/ indicate increases/decreases for the respective ERP component (ERN, Pe) and behavioural performance
(Behav.). Parenthesis ( ) are put around results where statistical comparisons are missing, but grand averages
indicate an effect. Affective measurements are either (M) mild affective states associated with mood, (E) shortterm emotions elicited by emotional material or (T) traits assessed with questionnaires.
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Table 1.2 Overview of studies on positive affect (or approach motivation) and feedback processing
Study

Affective Measurement

Liu et al., 2017

Δ

FRN

RewP

Task

Sample

()

Guessing

=

Probabilistic 38
learning
Two Numbers 48
Gamble
Gambling
66

C / IC

R/L

M Positive Emotion
(Dictator Game)
Bakic et al., 2014 M Happiness
(Memory Recall)
Wang et al., 2017 E Happiness
(Faces)
Liu et al., 2015
E Happiness
(priming Face)
Yang et al., 2018 E Happiness
(Faces)
Zhao et al., 2016 E Positive
(Emotional Picture)
Glazer et al., 2018 T Hypomania

()



Two Numbers 34
Gamble
Two Numbers 25
Gamble
Time estimation 47

Nusslock & Alloy, T
2017
Mason et al., 2012 T

Hypomania



Review

Hypomania





Mason et al., 2012 T

Hypomania





Smillie et al., 2011 T

Extraversion



Cooper et al., 2014 T

Extraversion



Speed et al., 2018 T

Extraversion

Speed et al., 2018 T
Threadgill & Gable, E
2018
Threadgill & Gable, E
2016
Schmid et al., 2018 M

=

=

()

()


63

Feedback
NR / L

R/L
R / NR

R/L
R / NR

32

R/L

49

R/L

30

R / NR

38

R / NR



Speeded
Reaction
Complex
Gamble
Associative
learning
Associative
learning
Guessing

508

R/L

Positive Emotionality



Guessing

508

R/L



=



Cued Flanker

56

R / NR



()



R / NR

32

C / IC

85

R / NR

Cooper et al., 2014 T

Rew. Responsiveness



38

R / NR

Bress & Hajcak,
2013
Umemoto &
Holroyd, 2017

T

Rew. Responsiveness



Cued Speeded
Reaction
Associative
Learning
Extinction
learning
Associative
learning
Guessing

28

Lange et al., 2012 T

Approach Motivation
(Reward Cues)
Approach Motivation
(Reward Cues)
Motivation
(Alpha Asymmetry)
Approach Motivation

46

R/L

T

Rew. Responsiveness



Probabilistic
learning

68

R / NR






Δ refers to the difference between FRN and RewP. / indicate increases/decreases for the respective ERP
component. Parenthesis ( ) are put around results where statistical comparisons are missing, but grand averages
indicate an effect. Affective measurements are either (M) mild affective states associated with mood, (E) shortterm emotions elicited by emotional material or (T) traits assessed with questionnaires. Feedback was presented
as Rewards (R), No-Rewards (NR), Losses (L), No-Losses (NL), Correct (C) or Incorrect (IC).

31

General Introduction
In comparison, possible modulatory effects of the affective state on the Pe component
are often neglected and hence not reported systematically, with many studies exclusively
focussing on the ERN component. However, scattered evidence suggests that an overactive
ERN usually goes along with a decreased Pe, as has been demonstrated in participants
reporting high levels of trait negative affect (Hajcak, McDonald, & Simons, 2004), in those
with major clinical depression (Aarts, Vanderhasselt, Otte, Baeken, & Pourtois, 2013; Chiu,
2007; A. J. Holmes & Pizzagalli, 2010; Olvet, Klein, & Hajcak, 2010; Schrijvers et al., 2009;
Schroder, Moran, Infantolino, & Moser, 2013), or in studies that induced threat as a negative
emotional state (Moser, Hajcak, & Simons, 2005). In light of these studies, it appears
therefore somewhat surprising to find a decreased Pe after a relaxing lunch (Sommer,
Stürmer, Shmuilovich, Martin-Loeches, & Schacht, 2013) or a short mindfulness practice
(Larson, Steffen, et al., 2013). Furthermore, although modulatory effects of positive mood
on the Pe have not been reported and analyzed, in some studies, grand average ERP
waveforms suggest that positive affect, as induced with emotional pictures, seems to
decrease the Pe component (Larson et al., 2006; Wiswede, Münte, Goschke, et al., 2009).
Similarly, the FRN/RewP components have also been studied in the context of
affective state manipulations. In line with the previously reported trait effects (as
discussed above), negative affective states have been shown to go along with a decreased
RewP when induced with short movie clips (Foti & Hajcak, 2010; Foti, Kotov, Klein, & Hajcak,
2011). Similarly, the FRN/RewP component has been shown to increase during an encounter
of positive affect when induced with a memory recall (Bakic et al., 2014), emotional pictures
(Zhao, Gu, Tang, Yang, & Luo, 2016) or happy faces (H.-H. Liu, Hsieh, Hsu, & Lai, 2015; Yang
et al., 2018). Additionally, approach motivation has been shown to increase the RewP, when
monetary incentives are added in the experiment (Threadgill & Gable, 2016, 2018).
Nevertheless, other studies seemingly contradict these findings, showing an increased
RewP in a state manipulation of anger (Angus, Kemkes, Schutter, & Harmon-Jones, 2015), a
negative affective state associated with elevated approach and reward-related motivation
(C. S. Carver & Harmon-Jones, 2009; E. Harmon-Jones, 2007; E. Harmon-Jones, HarmonJones, Abramson, & Peterson, 2009). Another study also found increased RewP after an
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unfair dictator game, which probably did not only increase negative affect, but anger too
(H.-H. Liu, Hwang, Hsieh, Hsu, & Lai, 2017).
Much less is known about the modulations of FMθ by (positive) mood as researchers
have only recently started to consider FMθ. Having said this, anxiety has been linked to
increased FMθ responses to both rewards and losses (Cavanagh & Shackman, 2015; Osinsky,
Karl, & Hewig, 2017), while depressive symptoms seem to increase FMθ responses
selectively to rewards (Mueller, Panitz, Pizzagalli, Hermann, & Wacker, 2015; Padrão,
Mallorquí, Cucurell, Marco-Pallares, & Rodriguez-Fornells, 2013), but a similar response is
also seen for losses (Cavanagh, Bismark, Frank, & Allen, 2011; Webb et al., 2017). Self-reports
of motivational drive and impulsiveness have also been related to a reduced FMθ activity
for losses (Knyazev & Slobodskoj-Plusnin, 2007; Leicht et al., 2013).
Altogether, this overview clearly suggests that performance monitoring processes are
not immune to changes in the affective state or motivational drives of the participant.
These changes can take many forms depending on the way affect is measured or induced,
as well as which specific component of performance monitoring is actually examined.
Interestingly, when systematic effects are found and reported, positive affect appears to
show opposing modulations compared to negative affect, decreasing early error detection
at the ERN/Pe level while increasing reward processing at the feedback level. This pattern
suggests that positive mood likely influences an overarching cognitive function, not just
performance monitoring per se. As such, the balance between exploration and exploitation,
or external vs internal information processing might be altered by positive mood (Pourtois,
Vanlessen, Bakic, & Paul, 2017). In the next section, we review possible mechanisms through
which positive mood could modulate performance monitoring.

Possible Mechanisms of how Positive Affect influence s Performance Monitoring
Despite the large heterogeneity in the modulation of performance monitoring brain
processes by positive mood and as reviewed here above, three different mechanisms can
tentatively be put forward to account for it.
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The first account considers (positive) affect as a distraction, hence linking positive
affect to reduced attention or control. It acknowledges that positive affect alters cognition
because important resources are used or consumed by this specific affective state in turn
lowering accuracy, sharpness and depth of cognitive processing (Dreisbach & Goschke,
2004; Mackie & Worth, 1989). This account seems to provide a satisfactory explanation for
the reduced ERN (or Pe) component found in some studies with positive affect. Supporting
this claim further, two studies found decreased behavioural performance with positive
affect (Larson et al., 2006; Sommer et al., 2013). Nevertheless, most studies actually failed
to report an effect of positive affect on behaviour (see Table 1.1). At variance with this
interpretation, Bakic et al., (2014) actually found improved learning rates for participants
in a positive mood (as well as increased ERN), compared to a neutral mood control
condition. More generally, the affect as distraction framework cannot easily accommodate
an increased RewP usually found with positive affect (see Table 1.2), which should
presumably be reduced and not augmented, given distraction and a reduced processing
should take place with this specific affective state.
Alternatively, another account highlights the role of mood congruent processing
(Bower, 1981; Mayer et al., 1992; Rusting, 1998). Accordingly, (emotional) information that
is mood congruent, i.e. of similar emotional value as the current affective state, captures
attention and is processed preferentially and stronger in order to maintain and protect the
positive affective state (Isen, 2008). This mood congruent processing precedes an
optimistic bias, where expectations about the future are selectively updated based on
positive (mood congruent) information, while negative and contradicting information is
ignored or downplayed (Sharot et al., 2011). In the context of performance monitoring, this
framework entails that negative information (like making an unwanted response error o r
receiving negative evaluative feedback) should be processed less than positive information
(making a correct decision or receiving positive evaluative feedback). Translated to the ERP
markers of performance monitoring reviewed above, a decreased ERN or FRN but increased
RewP ought to be observed with positive mood/affect. Although some EEG studies have
provided evidence for this interpretation (see Table 1.1&2), others found no or even opposite
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effects, including an increased ERN or FRN component with positive mood (Bakic et al.,
2014; Larson et al., 2006; Schmid et al., 2018). This appears difficult to reconcile with the
mood-congruent or mood-information framework.
These seemingly contradictory results have been discussed in terms of possible
contrast effects occurring during performance monitoring. As the current event (i.e.
response error or negative feedback) contradicts the current mood state (characterized by
positive affect), it can be perceived as even more negative than when it is absent,
amplifying in turn the ERN and FRN. Similarly, negative events can “clash” with the
optimistic expectations that usually accompany positive affective states (Eldar et al., 2016;
Loewenstein & Lerner, 2003). As such, they require more processing than events that align
with positive expectations (i.e. correct responses or positive feedback).
According to another theory, positive affect could actually act as a buffer against the
threat or downside of negative information, which would help counteract defensive
reactions and allow the thorough processing of (negative) information (Trope & Neter,
1994). The counter-regulation theory also borrows this understanding and extends it
(Schwager & Rothermund, 2014; Wentura, Müller, Rothermund, & Voss, 2018) . According to
it, in a positive affective state that is too emotionally intense, the focus is put on negative
information in order to counter-regulate the positive affective experience and reach a more
balanced affective state (homeostasis). Therefore, this account suggests that positive
mood would not necessarily lead to mood-congruent effects during information
processing, but that mood-incongruent information would be prioritised or enhanced.
Although all three accounts can each explain some of the results reviewed above
(Tables 1&2), none of them appears able to provide a full and satisfactory explanation
however. Some methodological factors can also explain this uncertainty. As shown in (see
Table 1.1&2), most EEG studies on feedback processing did not report results separately for
the FRN and the RewP components, which makes it especially difficult to assess in which
direction, and for which outcome, selectively positive affect actually changed processing.
In this context, it remains unsettled whether positive mood changed the processing of
mood-congruent or mood-incongruent information, or a combination of both. Moreover, it
35

General Introduction
is very likely that the modulation of positive affect on performance monitoring is not
captured by a simple, local and specific change in information processing. Instead it is
possible that an overarching process is altered by it, and hence converging evidence
gathered across different performance monitoring components is actually required
(Pourtois et al., 2017). If anything, positive affect has been shown to influence information
processing at different levels concurrently (Forgas, 1995), leading to significant changes in
the information processing style broadly defined (Bodenhausen et al., 1994; Fiedler, 2001).
Given the functional significance of positive affect (Fredrickson, 2001, 2004, 2013), where
positive affect signals a safe environment suited to explore and build up new or additional
resources, it is highly conceivable that negative events (like response errors o r negative
evaluative feedback) are eventually detected normally, but that their interpretation or
motivational significance is changed specifically by positive affect.
Table 1.3. How positive mood could modulate performance monitoring.

EEG
Component
ERN
Pe
FRN
RewP
FMθ

Theoretical Account
Distraction






Congruency






Contrast






As summarised in Table 1.3, these three accounts make different predictions about the
modulation of positive affect on performance monitoring brain processes. According to the
mood as distractor account, irrespective of the performance monitoring component under
scrutiny, positive affect should lower it. In compariso n, if mood congruency or contrast
effects are considered, then dissociable changes are surmised depending on the specific
performance monitoring ERP component investigated. Whereas mood congruency could
impair the processing of negative information (response error or negative evaluative
feedback) and increase the processing of positive and mood congruent information (correct
responses or positive evaluative feedback), opposite effects are conjectured with the
contrast effects framework. The existing literature on this important topic does not allow
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one to confirm or disconfirm one or several of these theoretical accounts since
contradictory and discrepant results have often been reported so far (see Table 1.1&2). By
systematically examining modulatory effects of positive affect on different components of
performance monitoring, the current PhD thesis seeks to shed light on this important
question, and eventually better specify the actual modus operandi of positive affec t during
performance monitoring.

The Current Thesis
Research Methods
The aim of the current PhD thesis is to examine possible influences of positive mood
on performance monitoring. This idea arises from two approaches. First, positive affect has
been acknowledge as an important factor necessary for resilience and wellbeing (Seligman
& Csikszentmihalyi, 2000). On the other hand, performance monitoring has been shown to
rely on contextual factors (Ullsperger, Danielmeier, et al., 2014). However, it is somewhat
surprising that based on the available research to date no clear understanding of how,
when and in which direction positive affect can alter error monitoring and feedback
processing has been achieved yet. Besides the lack of a coherent theoretical framework,
methodological elements have probably contributed to get a rather scattered and
incomplete understanding of these complex effects. The way positive affect was defined
and quantified varied substantially across existing studies, which could expla in the
discrepant results reported in the existing literature to some degree ( Table 1.1&2). In
healthy adult participants, positive affect has been either conceived as a trait referring to
different constructs (including extraversion, reward sensitivity, sociability, life satisfaction
etc.), or elicited by means of different material or induction methods, such as movie clips
or emotional faces that have only elicited a mild or weak emotional reaction. Furthermore,
a main problem is that the same emotional material can eventually be appraised and
processed differently by different participants, creating an unwanted inter -subject
variability in the way the targeted affective state is induced and probably sustained
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throughout the experiment. To overcome these limitations, the current thesis adopts a well
validated and stringent mood induction procedure (MIP), which is used in all empirical
studies conducted and reported herein (Bakic, De Raedt, Jepma, & Pourtois, 2015; Bakic et
al., 2014; Grol, Vanlessen, & De Raedt, 2017; Vanlessen et al., 2015; Vanlessen, Rossi, De
Raedt, & Pourtois, 2013, 2014). Using a between subjects design, either a positive or
(control) neutral mood is elicited by means of a guided imagery procedure (E. A. Holmes,
Coughtrey, & Connor, 2008; E. A. Holmes, Mathews, Dalgleish, & Mackintosh, 2006) .
Participants are asked to actively remember and re-experience either a neutral or very
happy autobiographical memory episode that occurred in their own life, which in turn
altered the current mood state accordingly. Prior to the first MIP, all participants are
trained in multisensory imagery from their own perspective with a standard four -step
exercise involving a lemon, like holding, cutting and smelling it (E. A. Holmes et al., 2008,
2006). After this practice, participants select an appropriate episodic memory and are
asked to imagine the chosen situation as vividly as possible. To ensure a detailed
imagination and engagement in both groups, the experimenter asks precise questions
about sensations and details of the moment (Holmes 2008, Watkins 2009).
Importantly this MIP is very well suited to be combined with another (independent)
cognitive task with a focus on performance monitoring. This thesis focusses on two
different experimental paradigms. To explore the modulation of error monitoring by
positive mood, this MIP is combined with a modified speeded Go/No-Go task (Aarts, De
Houwer, & Pourtois, 2013; Pourtois, 2011; Vocat, Pourtois, & Vuilleumier, 2008) . In this task,
participants are asked to respond as quickly as possible to certain target stimuli (Go trials)
and withhold their response to other non-target stimuli (No-Go trials). Since we use a
stringent response deadline, which is adapted on a trial-by-trial basis and takes the
individual reaction speed into account, all participants were manipulated to commit a
substantial number of response errors, i.e. overt responses to No -Go trials, within a
relatively short time. For studies on feedback processing and its modulation by positive
affect, we use a simple reward-based guessing task (Doors Task; Hajcak, Holroyd, Moser, &
Simons, 2005), where participants have to choose one door out of an array of three/four
38

The Current Thesis - Chapter 1
doors. After their choice, participants see the outcome of their choice by means of specific
feedback, receiving either a reward (a small amount of money) or no-reward. Importantly,
at the beginning of each trial participants are informed about the current reward
probability (i.e. how many doors contain a prize) by means of a specific visual cue. This way,
not only feedback valence (reward vs. no-reward), but feedback expectancy too, can be
manipulated using a factorial design, which allows to study how positive mood can alter
the processing of expected vs. unexpected feedback, being either reward or no -rewardrelated.

Outline of the Experimental Chapters
The current thesis is organised along three main sections, that systematically build
up on each other. The first section provides a general validation of the experimental
methods used in this thesis. In Chapter 2, we use the Doors Task in a large group of
participants (without any MIP) to characterize reward processing in this task at the ERP
level. In this study, we consider not only a standard ERP analysis to titrate and explore the
FRN and RewP components, but we supplement it with an alternative topographical ERP
mapping analysis that informs about possible alterations of the electrical field across time
and conditions. Moreover, the possible neural sources of these effects at the scalp level
could then be estimated too. Because this chapter describes the different
neurophysiological processes involved in reward processing, it provides an important basis
for the following chapters, where effects of positive mood on reward processing are
carefully examined.
The second section focuses on the main question of the current thesis and assesses
effects of positive mood on performance monitoring. The first two chapters (3 & 4)
examine effects of positive mood on error monitoring specifically. Chapter 3 describes an
EEG experiment on the effects of positive mood on error monitoring, where the validated
MIP was combined with the Go/No-Go task. Based on previous studies that reported
conflicting results (as outlined here above; see also Table 1.1), it was difficult however to
formulate clear and direction-specific predictions about how positive mood could
influence the ERN or the Pe component. Nevertheless, we seek to compare the different
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theoretical accounts outlined here above and assess if positive mood does lead to
general distraction (reducing error-related brain activity) or, if it creates mood congruent
biases (or even contrast effects). In Chapter 4, we follow up the study performed in
Chapter 3, focusing on behavioural indices of action monitoring. In Chapter 4, we test the
hypothesis that positive mood transiently lowers the otherwise enhanced negative value
of unwanted response errors, using a previously validated priming method (see Aarts,
Houwer, & Pourtois, 2012; De Saedeleer & Pourtois, 2016). In this task, actions (either
errors or correct responses) serve as primes that can influence the processing of a
subsequent target, here an affective word being either positive or negative. We assess if
response errors lead to a reaction time facilitation for negative compared to positive
words, and if this effect can be reduced after the induction of positive mood. We also
examine post-error-slowing (Rabbitt, 1966), which reflects an attention orienting to
(deviant) response errors and is likely dependent on arousal (Notebaert et al., 2009;
Purcell & Kiani, 2016; Ullsperger & Danielmeier, 2016) .
By comparison, Chapter 5 focuses on effects of positive mood on feedback processing,
i.e. the processing of external information informing about action’s outcomes. . More
specifically, by combining the MIP with the Doors Task, this experiment tests the prediction
that positive mood can change reward processing in a mood congruent fashion. This
hypothesis is based on two interrelated lines of evidence. First, because positive mood and
reward are positive, this mood state can produce a mood congruency effect whereby
reward processing (as indexed by the RewP) is increased. Second, positive mood is usually
associated with an optimistic bias (Eldar et al., 2016; Loewenstein & Lerner, 2003), whereby
the probability of positive outcomes is overrated, while negative events are less expected.
We assess whether these changes could be traced at the FRN and FMθ levels during reward
and no-reward processing.
Whereas studies reported in chapters 3-5 provide evidence for a modulatory role of
positive mood during performance monitoring, they do not control for effects of (approach)
motivation however, which often co-varies with positive mood. In the last section, followup experiments of Chapter 5 are conducted and presented, with the goal of disentangling
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the effects of positive mood from approach motivation in relation to reward processing.
Given the role of approach motivation on reward sensitivity and reward processes (Angus
et al., 2015; H.-H. Liu et al., 2017), it is necessary to test if previously found effects of positive
mood on this process (Chapter 5) could be explained in terms of motivational changes
instead of affective valence. In Chapter 6, we combine the Doors Task with a reward
magnitude manipulation (without any mood manipulation though). This allows us to study
motivation indirectly, as increasing reward magnitude can foster approach motivation,
especially if participants are aware of this change (Kim, 2013; K. D. Novak & Foti, 2015; Simon
et al., 2010; Threadgill & Gable, 2016), and if different magnitudes are used interchangeably
during the experiment (Avlar et al., 2015; Meadows et al., 2016). By comparison, in Chapter
7, we directly induce and compare different affective states that differ in terms of positive
affect and approach motivation concurrently. In Chapters 5 and 6, it is likely that both
positive affect and approach motivation increase conjointly after the MIP, hence making it
especially difficult to disentangle the contribution of affective valence from (approach)
motivation in reward processing. This is achieved by tailoring the MIP using specific scripts
that have been used previously (Gollwitzer & Kinney, 1989).
All of these empirical chapters are written up and presented as individual studies,
each addressing a specific research question informing about modulatory effects of
positive mood on performance monitoring. As the last chapter, a General Discussion of t he
findings gathered across these different empirical chapters is provided. There, we attempt
to bring everything together to account for the versatile influence of positive mood on
performance monitoring. Hopefully, this approach could also be used by oth er researchers
in the field to test specific hypotheses about the nature and extent of changes during
performance monitoring created by positive mood. Lastly, implications as well as
limitations of the current work is discussed, and then interesting avenue s for future
research in this area is considered.
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2. DISSOCIABLE EFFECTS OF REWARD AND
EXPECTANCY DURING FEEDBACK PROCESSING1
Davide Gheza*, Katharina Paul*, & Gilles Pourtois
Evaluative feedback provided during performance monitoring (PM) elicits either a
positive or negative deflection 250-300 ms after its onset in the event-related potential
(ERP) depending on whether the outcome is reward-related or not, and if it was expected
or not. However, it remains currently unclear whether these two deflections reflect a
unitary process, or are due to dissociable effects arising from non-overlapping brain
networks. To address this question, we recorded the brain activity of 44 healthy adults
using 64-channel EEG whilst they performed a standard gambling task, with valence and
expectancy being manipulated in a factorial design. We analysed the feedback-locked ERP
data using a conventional ERP analysis, as well as an advanced topographic ERP mapping
analysis supplemented with distributed source localisation. Results showed two main
topographies with opposing valence effects that were differently modulated by
expectancy. The first one was short-lived and was sensitive to a no-reward outcome
irrespective of expectancy. Source-estimation associated with this topographic map
comprised mainly regions of the dorsal anterior cingulate cortex. The second map was
primarily driven by reward, it had a prolonged time-course and was monotonically
influenced by expectancy. In addition, we found that this reward-related topographical
map was best accounted for by intracranial generators estimated to be in the posterior
cingulate cortex. These new findings suggest the existence of dissociable brain systems
depending on feedback valence and expectancy.

1

* contributited equally to this work. Based on Gheza, D., Paul, K., & Pourtois, G. (2018). Dissociable effects
of reward and expectancy during evaluative feedback processing revealed by topographic ERP mapping
analysis. International Journal of Psychophysiology, 132, 213–225.
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Introduction
Performance monitoring (PM) is crucial for fostering goal adaptive behaviour.
According to most recent models (Ullsperger et al., 2014), PM is best conceived as a
feedback loop whereby values of action are learned and updated, especially when
mismatches between goals and actions occur unexpectedly. Although these mismatches
can sometimes be processed based on internal or motor cues (e.g. response errors), in
many situations, external evaluative feedback provides the primary so urce of information
to guide the course of PM. At the psychophysiological level, there has been a rich tradition
of event-related brain potential (ERP) research aimed at exploring the brain mechanisms
assumed to be underlying this loop during feedback-based PM.
Traditionally, the feedback-related negativity (FRN, sometimes termed FN, fERN, or
MFN) was put forward as the main electrophysiological correlate of evaluative feedback
processing during PM (Holroyd & Coles, 2002; Miltner, Braun, & Coles, 1997; Ullsperger,
Fischer, Nigbur, & Endrass, 2014; Walsh & Anderson, 2012). The FRN corresponds to a phasic
negative fronto-central ERP component (N200) peaking around 250 ms after evaluative
feedback (FB) onset. The N200 is typically larger for negative outcomes compared to
positive ones, as well as for unexpected outcomes relative to expected ones. This negative
deflection is usually preceded by a positive ERP component (P200; Sallet, Camille, & Procyk,
2013) and followed by the P300, which corresponds to a large positive deflection, peaking
at central and posterior parietal scalp electrodes.
Initially, amplitude changes of the FRN (very much like the ERN, error-related
negativity, which is time-locked to response onset) have been interpreted based on
dominant reinforcement learning theory (RL theory; C. B. Holroyd & Coles, 2002; Sambrook
& Goslin, 2015; M.M. Walsh & Anderson, 2012). In this framework, changes in the amplitude
of the FRN indirectly capture dopaminergic-dependent reward prediction error signals
(RPE; i.e. the outcome is better or worse than expected). Moreover, the (dorsal) anterior
cingulate cortex (dACC, sometimes termed rostral cingulate zone, RCZ, see Ullsperger,
Danielmeier, & Jocham, 2014) is thought to be the main intracranial generator of this phasic
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ERP component (Gehring & Willoughby, 2002; Miltner et al., 1997; N. Yeung et al., 2004; Yu,
Zhou, & Zhou, 2011). According to the RL theory, the FRN reflects processing of the outcome
along a good-bad (valence/outcome) dimension, in relation to its actual expectancy. In
other words, the FRN is thought to provide an integrated neural signal during PM where
both the salience (absolute prediction error) and the valence (signed prediction error) o f
the outcome are integrated (Holroyd & Coles, 2002; Ullsperger et al., 2014). Consistent with
this view, many ERP studies previously reported reliable changes of the FRN amplitude as
a function of not only the valence of the feedback but also its expectancy, usually
manipulated through changing reward probabilities across trials (for reviews, see San
Martín, 2012; M.M. Walsh & Anderson, 2012).
More recently, researchers have begun to explore reward processing itself, as opposed
to RPE. As a matter of fact, when the emphasis is put on monetary reward processing at
the feedback level, the amplitude difference seen at the FRN level (i.e. when reward is
delivered vs. omitted) can be best explained by the generation of a positive activity
associated with better-than-expected outcomes, rather than a negativity associated with
worse-than-expected ones. In the existing ERP literature, this positivity has been named
the “feedback correct-related positivity” (fCRP; Holroyd et al., 2008), or “reward positivity”
(RewP; Proudfit, 2015). It is elicited in the time range of the N200, and is thought to signal
the achievement of the task goal (i.e. obtaining a reward) (see Foti, Weinberg, Dien, &
Hajcak, 2011; C. B. Holroyd, Pakzad-Vaezi, & Krigolson, 2008; Proudfit, 2015). In keeping with
the RL-FRN theory, Holroyd et al. (2008) reinterpreted the N200 (Towey, Rist, Hakerem,
Ruchkin, & Sutton, 1980) as giving rise to the FRN 2, a neural signal indicating that the task
goal has not been achieved. The N200 is usually elicited by task-relevant events in general
(i.e. unexpected outcome regardless of its outcome, see also Ferdinand et al., 2012), it may
therefore be overshadowed by a concurrent positive deflection elicited by positive FB. As
such, given that the positive (RewP) and negative (FRN) deflections overlap in time, it

2

Here we refer to “FRN” as the negative deflection elicited by no-reward FB, and to “RewP” as the positive
deflection (or lack of negative one) elicited by reward FB. For ease of reading, in Methods and Results
sections we will refer solely to the scoring method adopted for quantifying both deflections.
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remains somewhat unclear which of them best captures systematic changes in reward
processing at the feedback level, as a function of reward expectancy (San Martín, 2012).
Comparing ERP amplitudes at certain or pre-defined sites elicited by positive (reward), or
negative (no-reward), FB implicitly assumes a similar source of the EEG signal accounting
for them. The question still remains whether the N200 component giving rise to the FRN is
reduced for positive FB due to direct inhibition of the RCZ for example (Hajihosseini &
Holroyd, 2013; Holroyd et al., 2011, 2008), or alternatively, from the superposition of
another, non-overlapping component that is primarily reward-related and is actually best
represented by the RewP. In agreement with this latter interpretation, Foti et al. (2011)
provides evidence that such a component could result from the activation of the putamen
within the basal ganglia (but see the methodological objections raised by Cohen, Cavanagh,
& Slagter, 2011; and the following reformulation in Foti, Weinberg, et al., 2011a) .
Furthermore, the same authors (Foti, Weinberg, Bernat, & Proudfit, 2015) recently argued
that the FRN may be a blend of loss- and gain-related neural activities, possibly reflecting
the contribution of partly distinct networks. At odds with this interpretation, other authors
contend that the dACC provides the main (and most plausible) source of both ERP
components, and is actually the only cortical brain region whose activation pattern is very
much consistent with the observed modulation of their amplitude at the scalp level by
valence and expectancy (L. E. Martin, Potts, Burton, & Montague, 2009). However, a
consensus about the neural generators of this FB-based ERP signal is currently lacking, and
other potential sources have been put forward such as the ventral rostral anterior and
posterior cingulate cortex (Luu, Tucker, Derryberry, Reed, & Poulsen, 2003; Nieuwenhuis,
Slagter, von Geusau, Heslenfeld, & Holroyd, 2005).
While the standard approach in ERP research consists of measuring the amplitude
and/or latency of either the FRN or RewP at a few electrode positions, it has so far fallen
short of confirming either hypothesis regarding the true course of ERP generation. Using a
standard ERP approach, we are still unable to confirm directly whether systematic changes
in the amplitude of the FRN component occur due to local changes within the dACC with
outcome valence and reward expectancy, or are due to another reward-related and non47

Reward vs. Expectancy
overlapping component. To address this, standard ERP analysis can be supplemented by
advanced topographic ERP mapping analysis that reveals the actual expression of the scalp
configuration in the time range of the FRN and RewP (Murray et al., 2008; Pourtois et al.,
2008). Furthermore, possible neural generators that give rise to them can be estimated
with appropriate source localisation methods, although caution is needed when
interpreting EEG-source estimates. Regardless, converging evidence obtained from crossanalysis of different imaging techniques (such as EEG and fMRI) could eventually help
validate and confirm localisation results derived from EEG only, as we have done so here.
Following standard practice (Keil et al., 2014), an ERP component is usually defined
not only by its polarity, amplitude and latency, but also by its actual topography and neural
generators. Topography here refers to the actual spatial configuration of the electric field
at the time where the ERP component of interest (here FRN and RewP) is best expressed
at the scalp level, from all available channels concurrently. It is worth noting that changes
in the topography invariably denote changes in the underlying configuration of brain
generators (Lehmann & Skrandies, 1980; Varela, Lachaux, Rodriguez, & Martinerie, 2001) . As
such, characterising ERP components accurately using complementing topographical
evidence provides an important source of information regarding the actual (dis)similarity
between conditions of the underlying brain networks; a level of analysis that cannot be
achieved when considering only the amplitude changes occurring at a limited number of
electrode positions (usually at Fz or FCz only in the case of the FRN). Further, some of these
local amplitude changes can in principle be confounded or inflated by more global changes
in the topography or global strength of the electric field across conditions, challenging the
validity of some interpretations made when using a standard ERP analysis only. Moreover,
local amplitude measurements at a few electrode positions strongly depend on the specific
reference montage used, whereas the actual topography of an ERP component is referencefree (Murray, Brunet, & Michel, 2008). Additionally, a clear asset of recent topographical
ERP mapping analyses (Michel & Murray, 2012) is that user/experimenter-related biases can
be strongly limited, including the selection of specific time frames for further statistical
analyses. Under this framework, the main topographical components are revealed using a
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stringent clustering method that allows identification of specific time periods in the ERP
signal where they are best expressed. As a result, there is no need to manually select a
priori specific electrode locations or time-frames for statistical analyses, thereby
decreasing the likelihood of Type I errors (Luck & Gaspelin, 2017).
Surprisingly, to the best of our knowledge, the topography of the FRN and RewP
components has not been scrutinised yet in existing ERP literature. For example, it remains
currently unclear whether the FRN and RewP share common topographical variance, or can
be dissociated from one another when considering this global level of analysis, especially
when a high-density montage (64 channels or more) is used. Furthermore, possible
modulatory effects of reward expectancy on the topography of the FRN and RewP also
remain poorly understood. Investigation into this has the potential to address one of the
main theoretical questions raised in current ERP literature about these two ERP
components: is the negative component (N200) giving rise to the FRN clearly different at
the topographical level to the RewP? Additionally, can the topography as a level of analysis
shed new light on the actual interplay between feedback outcomes with feedback
expectancy? These questions lie at the heart of this current study.
To address them and inform about reward processing during externally -driven PM,
we recorded high-density (64 channels) EEG in 44 adult healthy participants while they
performed a previously validated gambling task (Hajcak et al., 2005) where FB
outcome/valence (reward vs. no-reward) and expectancy (low, intermediate of high reward
probability) were manipulated on a trial by trial basis using a factorial design. First, we
carried out a standard ERP analysis and extracted the mean amplitude of th e FRN and
RewP, using and contrasting different scoring methods available in the literature: peak to
peak vs. mean amplitude measurement. Second and crucially, we ran an advanced
topographic ERP mapping analysis on the exact same average ERP data time -locked to FB
onset, and isolated the dominant topographical components accounting for them, in an
unbiased way. For the standard ERP analysis, we surmised a larger FRN for no -reward
compared to reward FB, with the opposite effect found for the RewP, as well as a possible
modulation of each of these two ERP components by expectancy (i.e., larger amplitude for
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unexpected than expected outcome each time; M. M. Walsh & Anderson, 2012). At the
topographical level, we tested the prediction that the FRN and RewP could lead to partly
dissociable spatial configurations of the global electric field (i.e., topography), and hence
non-overlapping intracranial generators, as has been suggested before. More specifically,
given that the FRN is usually maximal at fronto-central scalp locations (for negative/noreward FB) and was previously related to the dACC (among others, Gehring and Willoughby,
2002; Miltner et al., 1997; Yeung et al., 2004; Yu et al., 2011), we conjectured that
topographical ERP variance associated with no-reward could be associated with this
specific brain region in our study. In comparison, since positive/reward-related ERP activity
during FB processing was previously linked to activation in more posterior parts of the
cingulate cortex (Cohen, Cavanagh, et al., 2011; Fouragnan, Retzler, Mullinger, & Philiastides,
2015; Nieuwenhuis et al., 2005), and/or specific regions of the basal ganglia (Foti et al.,
2015; Foti, Weinberg, et al., 2011a), we hypothesized that these regions (especially the
posterior cingulate cortex) could account for the reward-related activity during feedback
processing in our study. Furthermore, we sought to explore whether these two spatial
configurations of the electric field depending on FB valence, if clearly dissociable from one
another, could show a similar or instead different sensitivity to FB expectancy.

Methods
Participants
Existing EEG data from two previous (and separate) studies by Paul & Pourtois (2017
- Experiment 1) and Gheza, Raedt, Baeken, & Pourtois (2018 - Experiment 2), where the
same gambling task was used, were pooled together. A total of forty-five undergraduate
students from Ghent University (right-handed, with normal or corrected-to-normal vision,
and no history of neurological or psychiatric disorders) were included in the present study.
They all gave written informed consent prior to the start of the experiment and were
compensated with 30€ for their participation. The study by Paul & Pourtois (2017) had a
between-groups design and involved a mood-induction paradigm. Only the control group
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(with a neutral-mood state, 25 participants) from this study and the whole sample (20
participants) from Gheza et al. (2018, where no specific mood induction was used) were
merged together. One participant had to be excluded due to noisy EEG recording. Hence,
the total sample included 44 participants (34 females, age: M = 22.0 years, SD = 2.6). Both
studies were approved by the local ethics committee at Ghent University. A post hoc power
analysis was conducted using GPower (Faul and Erdfelder 1992). The sample size of 44 was
used for the statistical power analyses and the power to detect a small (η²=0.01), medium
(η²=0.06) or large (η²=0.14) effect for the interaction between valence and expectancy was
estimated. The alpha level used for this analysis was set to .05. The post hoc analyses
revealed the statistical power for this study was .22 for detecting a small effect, .91 for
detecting a medium effect size, and exceeded .99 for a large effect. Thus, this sample size
was more than adequate to detect a moderate/large effect, but not a small one.

Stimuli and task
A previously validated gambling task (Hajcak, Moser, Holroyd, & Simons, 2007) was
adapted and administered in both studies. On each and every trial, participants had to
choose one out of four doors by pressing with their right index finger the corresponding
key on the response box. After a fixation dot (700 ms) this choice was followed by either
reward FB (green “+”), indicating a win, or no-reward FB (red “o”) (1000 ms). The two
studies differed slightly in the amount of monetary reward, being either 8 cents (Paul &
Pourtois, 2017) or 5 cents (Gheza et al., 2018). At the beginning of each trial, participants
were informed about reward probability with a visual cue (600 ms), followed by a fixation
dot (1500 ms). This cue was presented in the form of a small pie chart shown at fixation.
Either one, two or three quarters were filled (black/white) corresponding to a reward
probability of 25, 50 or 75 %. A reward probability of 25% indicated that only one door
contained the reward, two doors in the case of 50% reward probability and three doors for
75% reward probability. Unbeknown to participants, the outcome was only related to these
objective probabilities (but not the actual choices made by them), ending up with a preset winning of €14.72 (Paul & Pourtois, 2017) or €12.40 (Gheza et al., 2018). Inter trial
interval was fixed and set to 1000 ms. Hence, by crossing the three possible reward
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probabilities with the two opposite outcomes, six trial types were included in a fact orial
design3. To ensure participants paid attention to the cue and feedback, catch trials were
randomly interspersed in the trial series. In 24 trials, at the cue offset they were asked to
report their winning chance (“how many doors contain a prize?”, al lowing responses from
1 to 3). In 24 different trials, they were asked about the expectedness of the outcome at FB
offset, and answers were collected by means of a visual analogue scale (VAS) anchored
with “very unexpected” and “very expected”.
All stimuli were shown against a grey homogenous background on a 21-in CRT screen
and controlled using E-Prime (V 2.0, Psychology Software Tools Inc., Sharpsburg, PA).

Procedure
Participants in both studies, and after reading the instructions, were first familiarised
with the gambling task using 12 practice trials. The presentation of the 6 trial types (3
reward probabilities x 2 outcomes) were randomised, and the same trial type could be
presented consecutively. The main experiment consisted of four blocks each com prising of
92 trials (Exp. 1 – Paul & Pourtois, 2017) or 124 (Exp. 2 – Gheza et al., 2018). After each block,
a short break was provided and participants were informed about their current,
accumulated payoff.
In Paul & Pourtois (2017), a total of 368 trials was presented (80 with 50%, 144 with
25% and 144 with 75% reward probability). A neutral-mood induction procedure was applied
before the task and repeated after each block to maintain the specific mood state (here
neutral) throughout. In Gheza et al. (2018), a total of 392 trials was used (104 with 50%,
144 with 25% and 144 with 75% reward probability).

Recording and Preprocessing of Electrophysiological Data
EEG

was

recorded

using

a

64-channel

Biosemi

Active

Two

system

(http://www.biosemi.com) with four additional electrodes measuring horizontal and

3

Beside the conditions described above (“regular” trials), the task for Gheza et al. ( 2018) also included
“special” trials, that were discarded from the analyses conducted in the present study.
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vertical eye movements. EEG was sampled at 512 Hz and referenced to the Common Mode
Sense (CMS) active electrode and Driven Right Leg (DRL) passive electrode. The EEG was
preprocessed offline with EEGLAB 13.5.4b (Delorme & Makeig, 2004), implemented in
Matlab R2012b. A 0.05/35 Hz high/low pass filter was applied after re-referencing the EEG
signal to the averaged mastoids. An independent component analysis was run on the
continuous data to correct manually for eye artifacts and spatial or temporal
discontinuities. Individual epochs were extracted from -250 to 750 ms around the FB onset
and a pre-feedback baseline was subtracted (-250 to 0). A semi-automatic artefact
correction procedure was applied to eliminate trials with voltage values exceeding ± 90 µV
or slow voltage drifts with a stronger slope than ± 90 µV, as well as based on visual
inspection. For each subject separately, artefact-free epochs were grouped according to
the six main experimental conditions: expected, no-expectations 4 and unexpected FB
associated with reward (deriving from 75%, 50%, 25% reward probability trials
respectively), or expected, no-expectations and unexpected FB associated with no-reward
(deriving from 25%, 50%, 75% reward probability trials respectively). To avoid different
signal-to-noise ratios between conditions, the same number of trials (randomly sampled)
was used throughout, being defined subject-wise based on the condition with the lowest
trial count.

Standard peak analysis
FRN: peak to peak. The FRN and RewP were determined peak-to-peak at FCz (FRN-pp)
as the difference between the most negative peak (N200: within 200 - 350 ms) and the
preceding positive peak (P200: within 150 - 250 ms) and were taken as the onset of the
(relative) negativity (Holroyd, Nieuwenhuis, Yeung, & Cohen, 2003; Holroyd et al., 2008).
FRN: mean amplitude. We also used an alternative scoring method for the FRN and
RewP (FRN-m), defined at FCz as the mean amplitude within the 213-263 ms interval post-

4

The no-expectation term refers here to the objective reward probability and not the subjective
expectation or uncertainty. The condition provides equal (objectiv e) probability of reward or no-reward
FB and therefore goes along with the highest uncertainty regarding feedback outcome during the
experiment.
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feedback onset (i.e. the 50 ms window surrounding the peak of the N200 for no-reward;
Novak & Foti, 2015; see also Weinberg & Shankman, 2017 for the use of a mean -amplitude
approach in a different time window). This time window and location were based on the
FRN-pp maximal amplitude from the grand average of no-reward FB trials (merging all
three expectancy levels; "collapsed localizer" approach, see Luck & Gaspelin, 2016).
P2 and N2. Supplementary peak analyses on P200 and N200 components (when
considered separately) were carried out in order to verify their relative sensitivity to FB
expectancy and its interaction with FB valence. In accordance with the FRN-pp scoring
method, P200 was defined as the maximum positivity occurring within the 150 -250 ms
interval post FB onset, while the N200 as the maximum negativity within the 200 -350 ms
interval post FB onset.

Topographical ERP mapping analysis (TA)
The dominant topographies accounting for the ERP data set under scrutiny were
extracted using CARTOOL software (Version 3.60; developed by D. Brunet, Functional Brain
Mapping Laboratory, Geneva, Switzerland). The basic principl es of this method have been
described extensively elsewhere (Brunet, Murray, & Michel, 2011; Michel, Seeck, & Landis,
1999; Murray et al., 2008; Pourtois, Delplanque, Michel, & Vuilleumier, 2008) . In short, it is
based on two successive data analysis steps. First, the dominant topographical maps are
isolated from the grand average ERP data by means of a clustering algorithm that takes
into account the global dissimilarity, i.e. the difference in terms of spatial configuration
between two normalised maps independent of the global strength of the ERP signal
(Lehmann & Skrandies, 1980). Next, these main and dissociable topographical
configurations are fitted back to the individual subject ERP data and a quantification of
their representation across subjects and conditions is then provided, like the global
explained variance (or goodness of fit), the correlation, or the time point of the best fit.
Parametric tests are eventually performed on these variables in order to compare different
experimental conditions at the statistical level.
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TA: Segmentation. First, using a competitive T-AAHC cluster analysis (Topographic Atomize and Agglomerate Hierarchical Clustering; Brunet et al., 2011; Tibshirani & Walther,
2005) of the entire epoch (i.e. from -250 prior to and up to 750 ms following feedback
onset, corresponding to 512 time frames-TFs- at a 512 Hz sampling rate), the dominant
topographical maps were identified. The specific default settings for the clustering method
followed the recommendations implemented in CARTOOL and were as follows: 1) Minimum
and maximum number of clusters were predefined to one and nine; 2) a smoothing kernel
(Besag factor 10) of three TFs was applied; 3) segments shorter than three TFs were
rejected. The choice of the best segmentation result was based on an objective meta
criterion of 7 criteria proposed previously (see Charrad et al., 2014) and visual inspection
of the results.
TA: Fitting. The dominant topographies identified in the preceding step were then
fitted to the individual averages (n=6 per subject), to determine their expressions across
participants and conditions. As the focus of the analysis was on reward processing (and
expectancy), we primarily examined possible changes in the topography of the ERP signal
as a function of reward and/or expectancy occurring 200-500 ms post-feedback onset, this
is in keeping with many previous ERP studies (Foti et al., 2015; Hajcak et al., 2007; Sambrook
& Goslin, 2015; Ullsperger, Fischer, et al., 2014). Fitting parameters also followed the
recommendations implemented in CARTOOL and included: 1) a smoothing kernel (Besag
factor 10) of three TFs; 2) rejection of segments shorter than three consecutive TFs. The
fitting procedure was done as a non-competitive process to validate whether one
topographic configuration fitted better than the other depending on the condition (based
on global explained variance - GEV - and the mean correlation of the map with the signal).
The time course of these topographic maps could also be evaluated, e.g. the TF of the best
correlation could be compared across the maps and conditions. If the aforementioned
approach revealed a significant temporal difference between the dominant maps, the
fitting procedure was repeated separately for the different time windows.
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Source Localisation
To estimate the configuration of the neural generators underlying the previously
identified reward-related topographical maps, a distributed linear inverse solution was
used – specifically, a standardised low-resolution brain electromagnetic tomography
(LORETA; v20151222; Pascual-Marqui, 2002). LORETA solutions are computed within a threeshell spherical head model coregistered to the MNI152 template (Mazziotta et al., 2001).
LORETA estimates the 3-D intracerebral current density distribution within a 5-mm
resolution. The 3-D solution space is restricted to the cortical gray matter and
hippocampus. The head model uses the electric potential field computed with a boundary
element method applied to the MNI152 template (Fuchs, Kastner, Wagner, Hawes, &
Ebersole, 2002). Scalp electrode coordinates on the MNI brain are derived from the
international 5% system (Jurcak, Tsuzuki, & Dan, 2007). The calculation was based on the
conditions specific average per subject in the time window of interest identified in the
previous analysis.

Statistical Analysis
At the behavioural level, the subjective ratings related to catch trials after the FB
(probing FB expectancy) were first transformed to percentages, arbitrarily setting one
anchor (‘very unexpected’) to 0 and the other one (‘very expected’) to 100. These
evaluations were considered to be correct if they fell within a ± 25% range around the
correct response (see Paul & Pourtois, 2017 for a similar procedure). The number of correct
responses to these catch trials, as well as the catch trials corresponding to the cue (probing
reward probability), were eventually expressed as a percentage of correct responses.
At the ERP level, repeated-measurement ANOVAs with FB EXPECTANCY (expected, noexpectations, unexpected) and FB VALENCE (reward vs. no-reward) as within-subject
factors were performed (individual trial count, balanced across the six conditions: M = 27.4,

SD = 4.3) separately for FRN-pp and FRN-m.
At the topographical level, each of the three dependent variables gained by the fitting
procedure (i.e., GEV, mean correlation, TF of best correlation) w ere entered in a 2 x 3 x 2
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repeated-measurement ANOVA with the within-subject factors MAP configuration (FRN vs.
RewP-map), EXPECTANCY (unexpected, no-expectations, expected) and FB VALENCE (reward
vs. no-reward). If the previous analysis based on TF of best correlation hinted at a
potentially interesting difference in the time-course of the main maps, another ANOVA was
run with the same within-subject factors, but with a TIME-WINDOW (early vs. late) factor
added.
Inverse-solution results were compared between reward and no-reward using pairedsample t-tests performed on the log-transformed data. To reveal potential differences in
the inverse-solution space through direct statistical comparison, a stringent nonparametric
randomization test was used (relying on 5,000 iterations, see Nichols & Holmes, 2001). For
all analyses, significance alpha cutoff was 0.05.

Results
Behavioural Results
The accuracy for the cue ( M correct = 88.1 %, SD = 8.0) and for the outcome evaluation
( Mcorrect = 60.7 %, SD = 25.3), as inferred from the catch trials, were high and well above
chance level, suggesting that participants correctly monitored reward probability (based
on the visual cue) and outcome (based on the feedback).

ERP Results
FRN: peak to peak. The analysis performed on the FRN-pp amplitudes showed a
significant main effect of FB VALENCE, F(1, 43) = 16.78, p < .001, η² = .281, and an interaction
between FB VALENCE and FB EXPECTANCY, F(2,

86)

= 12.49, p < .001, η² = .225. The FRN

component was larger (more negative) for no-reward compared to reward FB
( M reward = -5.08, SE = 0.30, Mno-reward = -6.55, SE = 0.36). The multivariate simple effect of FB
EXPECTANCY was significant for no-reward, F(2, 42) = 7.06, p = .002, η² = .252, but not for
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reward FB, F(2, 42) = 1.65, p = .203, η² = .073, confirming its sensitivity to RPE, when scored
peak to peak 5 (see Fig. 1).
FRN: mean amplitude. The analysis performed on the FRN-m amplitudes showed a
significant main effect of FB VALENCE only, F(1, 43) = 62.39, p < .001, η² = .592, without a
significant interaction between FB VALENCE and FB EXPECTANCY, however, F (2, 86) = 2.19,

p = .118 , η² = .048. The FRN-m was larger (more negative) for no-reward compared to
reward FB ( M reward = 2.42, SE = 0.51, M no-reward = -0.41, SE = 0.44). These results indicated that,
on this critical time window and fronto-central channel, the FRN, when scored using a
stringent mean amplitude measurement, was sensitive to FB valence only (reward being
present or absent), without any significant modulation due to FB expectancy (see Figure
2.1). Hence, these results suggest a qualitatively different outcome at the FRN level
depending on the specific scoring method used.
P2 and N2. The analysis for the P200 revealed significant main effects of VALENCE, F(1,
43)

= 9.23, p = .004, η² = .177, and EXPECTANCY, F (2, 86) = 4.49, p = .014, η² = .095. The analysis

on the N200 revealed a significant main effect of VALENCE, F (1,

43)

= 47.64, p < .001,

η² = .526, and crucially, a significant interaction between VALENCE and EXPECTANCY, F(2,
86)

= 6.45, p = .002, η² = .130. Thus, although the FRN-pp scoring method could potentially

inflate the effect of Expectancy driven by the P200 (as opposed to N200) component, it is

5

In order to rule out that these neurophysiological effects were different between the two samples, we
used a Bayesian factor analysis which is suited for estimating the amount of evidence in favor or against
the null hypothesis (Rouder, Morey, Verhagen, Swagman, & Wagenmakers, 2017). More specifically, the
data from the FRN-pp method was examined in a Bayesian repeated measure ANOVA in which the factors
were FB VALENCE (reward or no-reward), FB EXPECTANCY (expected, no-expectations, or unexpected) and
GROUP (Exp 1 or Exp 2). We used the JASP software package (JASP Team, 2017 – version 0.8.1.2) with
default prior settings. First, the likelihood for each alternative models (derived from the combination of
the 3 factors) was tested against a Null model. The models that best explained the variance were the
main effect of FB VALENCE, followed by the one including the two main effects of EXPECTANCY and
VALENCE and their interaction (BF10 for VALENCE = 40266, BF10 for EXPECTANCY+ VALENCE +EXPECTANCY ×
VALENCE = 9031). In order to rule out the Group factor effect, we then included the model terms
EXPECTANCY, VALENCE and EXPECTANCY × VALENCE (i.e. flagged as Nuisance) in every model (including
the Null model) and we looked at the BF01 (likelihood of the Null model over the others). The Null model
(assumed probability of 1) was 6.8 times more likely to be true com pared to the model including the
main effect of GROUP (BF10 = 0.145), and much more likely compared to any other model that included
an interaction with GROUP (BF10 < 0.068). These results provide moderate to very strong evidence for
the absence of a Group effect on these FRN-pp results.

58

Results - Chapter 2
clear from the N200 only analysis that this deflection alone was significant ly modulated
by both factors concurrently in our study.

Figure 2.1. A. ERPs waveforms computed on channel FCz, after collapsing FB expectancy levels.
Symbols identify the peaks and the time window of interest for two the ERP scoring methods. B.
ERPs waveforms computed on channel FCz. Dashed lines indicate reward conditions; solid lines
indicate no-reward conditions. Colour shades from black to light grey code for Expectancy levels. C.
Results of ERP analysis on FRN peak-to-peak: the repeated measure ANOVA revealed a main effect
of FB outcome and an interaction between FB outcome and FB expectancy. D. Results of the
supplementary peak analyses on P200 and N200, that contribute to the FRN scored peak -to-peak
(note that for the P200 the Amplitude scale is inverted). At P200 level the repeated measures
ANOVA revealed significant main effects for the factors Valence and Expectancy. At N200 level the
repeated measure ANOVA revealed a significant main effect for the factor Valence and a significant
interaction between factors Valence and Expectancy. E. Result of ERP analysis on FRN meanamplitude: the repeated measure ANOVA revealed a main effect of FB outcome only. The error bar
corresponds to 1 standard error of the mean.

Topographic Analysis
Segmentation. Following the meta-criterion, a solution with sixteen different
dominant maps was found to explain the ERP data set the best. The solution explained
93.71 % of the variance, see Figure 2.2. During the time window corresponding to the FRN
and RewP, two different dominant maps were clearly evidenced. One map, sharing
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similarities with the FRN ERP component, showed a fronto -central negativity and started
at a similar time point (i.e. 217 ms) regardless of feedback expectancy’s level, but only for
negative FB. Moreover this distinctive map was immediately followed by a different map
showing a broader central positivity. This RewP-map was present and lasted until the same
time point for all six FB types (i.e. 386 ms). The spatial correlation between these two maps
was 0.84.

Figure 2.2. A. Topographical representation of the grand average EEG activity for reward and noreward trials, after averaging across expectancy levels (mean amplitude in 50ms time window
around the N200 peak elicited by no-reward FB). Channel FCz is identified by the black circle. B.
Segmentation results. For the entire epoch (-250 before and 750 ms after FB presentation) and the
six conditions separately, the solution with 16 different maps (7 are depicted here) explained 93.71
% of the variance. It shows that in the time window of the FRN/RewP two maps prevail, one with a
slight fronto-central negativity and one with broad central positivity. The figure already indicates
that the FRN related map occurs only for negative feedback.

Fitting. The extracted the GEV and the mean correlation, provided by the fitting of the
two dominant maps in the time window of interest (217 – 386 ms) revealed a significant
main effect of MAP, F(1, 43) ≥ 9.04, p ≤ .005, η2 = .17. Both variables showed a significant
interaction between FB VALENCE and MAP, F (1,

43)

≥ 34.47, p <.001, η2 ≥ .45, and FB

EXPECTANCY and MAP, F(2, 86) ≥ 7.86, p ≤.001, η 2 ≥ .16, see Figure 2.3. While the RewP-map
explained more variance and showed a higher mean correlation for reward than no-reward
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FB (M reward-meanCorr = .70, SE = .02, Mno-reward-meanCorr = .63, SE = .02, p ≤ .002), the FRN map
showed only a non-significant trend to fit better with the no-reward compared to the
reward FB (M reward-meanCorr = .57, SE = .03, M no-reward-meanCorr = .60, SE = .03, p ≥ 0.25). Regarding
the GEV, both maps seemed to be sensitive to the expectancy manipulation as well. More
variance was explained for the unexpected than the expected condition (FRN -map:

Munexpected = .08, SE = .006, M expected = .06, SE = .005, p ≤ 0.05). Especially the positivity map
showed a steeper increase with unexpectedness (positivity map: Munexpected = .10, SE = .006,

M expected = .07, SE = .004, p < .001). For the mean correlation, the RewP-map showed a similar
pattern ( Munexpected = .68, SE = .02, M expected = .65, SE = .02, p < .015), while the FRN-map did
not differentiate between levels of expectancy ( Munexpected = .58, SE = .03, M expected = .58,

SE = .03, p ≥ 0.34).

Figure 2.3. Fitting results of dominant maps into time window of interest (217-386 ms). GEV, mean
Correlation and TF of best correlation are presented per map and condition (± SE). While the FRN map fitted slightly better to negative FB than positive FB, the RewP -map showed the opposite
pattern (A,B). While the RewP-map clearly varies among different level of expectedness, the FRNmap does not show such a clear pattern (D,E). Considering the timepo int of the best correlation for
each of these maps (see C and F) , there was a clear effect for negative FB as the FRN map centred
much earlier than the RewP-map.
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Importantly the TF of the best correlation for each map within this large segment
showed again a significant interaction between MAP and FB VALENCE, F(1, 43) = 8.31, p = .006,

η 2 = .16, indicating that for reward FB, both maps fitted equally well at 306 ms ( MFRNmap =

305 ms, SE = 7.69, M RewP-map= 307 ms, SE = 6.04, p = .81), while for no-reward FB, the

FRN-map fitted the best much earlier than the RewP-map (M FRN-map = 277 ms, SE = 6.97,

M RewP-map = 318 ms, SE = 5.79, p < .001). This result clearly indicated that the initial time
window of interest (217 – 386 ms) was probably too broad and likely encompassed two
dissociable processes in terms of spatial-temporal dynamic. To corroborate this
assumption at the statistical level, we repeated the fitting within two short non overlapping time windows lasting for 40 ms centred around 277 and 318 ms, respectively.
The repeated measures ANOVA on the GEV values revealed, besides several significant main
effects, two significant three way interactions between TIME WINDOW, MAP and FB VALENCE,

F(1, 43) = 66.37, p <.001, η² = .61, and TIME WINDOW, MAP and FB EXPECTANCY, F(2, 86) = 5.01,
p = .009, η² = .10, see Figure 2.4. Whereas the FRN-map fitted the best in the early time
window for no-reward FB ( Mno-reward-early = .07, SE = .007, M no-reward-late = .06, SE = .006, p ≥
.139 ), the RewP-map fitted the best for reward FB in the later time window ( M rewardearly

= .07, SE = .006, M reward-late = .10, SE = .006, p ≤ .059). Furthermore, while the FRN-map

did not vary with EXPECTANCY for none of the two time windows ( Munexpected = .07, SE = .006,

M expected = .06, SE = .006, p ≥ .139), the positivity map showed this effect, especially in the
later time window ( Munexpected-late= .11, SE = .006, M expected-late= .08, SE = .005, p ≤ .003). Using
the mean correlation as fitting parameter, as opposed to the GEV, led to a similar statistical
outcome.
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Figure 2.4. Fitting results of different time windows. GEV per map, condition and time window are
presented (± SE). The ANOVA revealed a significant interaction of time-window, map and valence
and time-window, map and expectancy. While the FRN-map fitted the best in the early time window
for negative FB (A), the RewP-map fitted the best for positive FB in the later time window (B).
Furthermore the FRN-map did not vary with expectancy for none of the time windows (C) but the
RewP-map showed this pattern especially in the later time window (C, D).

Source Localisation
The statistical comparison in the inverse-solution space between reward an
no-reward within the time window of the FRN- and RewP-map (217-386 ms) revealed two
non-overlapping suprathreshold ( ts > 4.13, corrected for multiple comparisons) clusters
showing opposing reward-related effects, see Figure 2.5. One cluster, being more active for
no-reward than reward FB, was located within the dACC, including Brodmann area (BA) 32;
(maximum at 15x, 25y, 40z, t(43) = -5.31, p < .001) and spreading to adjacent frontal areas,
including BAs 6, 8 and 9. The other non-overlapping cluster showed the opposite pattern
(more active for reward than no-reward FB) and was located in the posterior cingulate
cortex (PCC; BA 23; maximum at -5x, -60y, 15z, t(43) = 5.85, p < .001), extending to adjacent
(medial) parietal regions (such as the Precuneus or retrosplenial cortex; BA 31), as well as
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more ventrally to the posterior part of the Parahippocampal gyrus (BA 27). It also spread
to the posterior part of the left insula (BA 13; max. at -30x, -40y, 20z, t (43) = 4.89, p < .001).

Figure 2.5. Source localisation results. The contrast of reward an non-rewards within the time
window of the FRN- and positivity-map (217-386 ms) revealed several independent condition
specific clusters, one (blue) located within the anterior cingulate cortex (ACC, BA 32), spreading to
nearby frontal areas (BA 6, 8, 9), was more involved for no-reward than reward FB. Another
independent cluster showed the opposite pattern (red) and was located in posterior regions of the
cingulate cortex (BA 23) spreading to limbic and parietal regions (Precuneus, Parahippocampus; BA
23, 27, 29, 30, 13, 18) and even recruiting parts of the left insula (BA 13).

Discussion
RPE signals recorded at the electrophysiological level during PM are thought to
provide an integration of expectancy and valence of the outcome, such that a differential
response to rewarding vs non-rewarding outcomes increases as a function of its
unpredictability (Holroyd & Coles, 2002; Schultz, Dayan, & Montague, 1997). During
gambling or probabilistic learning FB provides the main source of information to estimate
RPE, with neurophysiological effects visible at the level of the FRN/RewP. The present study
focussed on this latter effect. More specifically, we aimed to characterize the topographical
properties of the FRN component, compared to the RewP, in order to assess whether they
share common or dissociable topographic variance and neural generators. Importantly, we
could compare the outcome of this data-driven method (taking into account all electrodes
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and time frames) to two standard ERP scoring methods available in the literature,
focussing on a circumscribed time window and FCz electrode only.
To this aim, 44 participants carried out a previously used gambling task (Hajcak et al.,
2007; Paul & Pourtois, 2017), where FB valence and expectancy were manipulated on a
trial-by-trial basis, while 64-channel EEG was recorded concurrently. This enabled us to
estimate the contribution of these two independent variables to systematic changes in th e
ERP signal following FB onset. This systematic changes were considered at two levels:
Either amplitude modulations recorded at FCz only, or the spatial configuration of the
entire electric field (i.e., topography). A number of new results emerged from this study. (i)
When comparing two different, albeit standard, scoring methods for the FRN in the existing
ERP literature, our results showed that this component was reliably modulated by FB
valence and expectancy when using a peak to peak measurement only (FRN-pp, i.e.,
measuring peak amplitude of the N200 relative to the preceding P200 at FCz component).
A similar outcome was also reported when measuring the N200 alone. By comparison, when
we used a more stringent mean amplitude measurement at the same lead (FCz) (FRN -m,
i.e., measuring FRN as a mean ERP activity spanning from 213 to 263 ms interval centred
around the N200 peak), it was modulated by valence without significant change by
expectancy, suggesting a dissociation between the two. (ii) These somewhat inconsistent
results were supplemented with a topographical pattern analysis that strongly reduced
the number of a-priory set decisions in terms of location and latency for identifying
reward-related effects following FB onset, and possible interactions with expectancy. This
analysis unambiguously showed the existence of two dissociable topographies during the
time-interval, corresponding to the FRN and RewP. A main topography characterised by a
short-lasting prefrontal negative component was generated relatively early after negativ e
FB onset and was somehow independent from its expectancy. Another showed a broad
positivity at more central and parietal sites during the same early time interval, and was
generated in response to reward. Crucially, this latter reward-related topography persisted
longer and best represented the variance of the ERP signal in a later time window where
it also varied systematically as a function of reward expectancy, accounting for more
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variance for unexpected than expected positive FB, in agreement with the tenets of the
dominant RPE framework (Schultz, 2013). Given these specific electrophysiological
properties, and the opposing sensitivity to FB valence, we tentatively linked the first
topography to the FRN and the second one to the RewP, when corresponding to local
amplitude variations of specific deflections measured at a single scalp channel. Because
different topographies necessarily denote non-overlapping intracranial generators
(Lehmann & Skrandies, 1980; Michel & Murray, 2012; Varela et al., 2001) , we estimated their
sources using a linear inverse solution algorithm (LORETA, v20151222, see Pascual-Marqui,
2002). While the FRN-compatible topographical activity had a main cluster within the dACC,
the RewP topography source was localised to an extended distributed network, consisting
primarily of the PCC. We discuss the implications of these new results below. Based on our
results we have formulated some recommendations for the definition and use of feedbackbased reward-related ERP activities in future studies.
At FCz scalp location, independently of the scoring method used for the ERP
component of interest (either local amplitude changes or topography), we consistently
found across these different methods used that the FRN amplitude varied reliably with
valence, i.e. it was consistently larger for no-reward than reward FB, while conversely, the
RewP amplitude was systematically larger for reward than no-reward FB. Noteworthy, the
FRN component was sensitive to FB expectancy only when using a peak to peak analysis
(FRN-pp). Thus the peak-to-peak scoring method was the only one with which the FRN was
found to be coherent with the generation of a dopamine -dependent RPE signal (Holroyd &
Coles, 2002; Holroyd et al., 2003; Schultz et al., 1997; Ullsperger, Fischer, et al., 2014) . No
such modulation was found for the RewP, no matter which ERP scoring method was actually
adopted. In light of the existing debate in the ERP literature about the sensitivity of the
FRN, and RewP to FB expectancy (bearing in mind that these two hypotheses are not
necessarily mutually exclusive and are both consistent with the original FRN-RL theory; see
Holroyd et al., 2008; San Martín, 2012), our results lend support to the traditional FRN
hypothesis (Holroyd & Coles, 2002; Ullsperger, Fischer, et al., 2014; M. M. Walsh & Anderson,
2012).
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When FRN was scored as the mean amplitude around the peak of the N200 (FRN-m),
no reliable modulation by FB expectancy was found. This inconsistency across the two
scoring methods might be explained by several factors. For one, peak-to-peak
measurements may artificially inflate the component’s amplitude due to noise in the data
(Luck & Gaspelin, 2017). Secondly, scoring the FRN using the mean amplitude is computed
on a relatively long and pre-defined time window, whilst this is a more conservative
approach that is less sensitive to noise in the measurement, it might have overshadowed
an effect of expectancy due to inter-individual variability in the latency (and morphology)
of the P200-N200-P300 complex, or in the possible temporal overlap of the N200 with the
preceding P200 and/or following P300. The N200 is usually flanked by these two positive
components which usually show amplitude modulations with stimulus frequency, and thus
expectancy (Covington & Polich, 1996; Donchin & Coles, 1988), although with an affect going
in the opposite direction to the N200. Neglecting these features of the ERP signal can in
turn potentially smear amplitude effects which are small in size, such as the expectancy
effect on the FRN . Indeed, the peak-to-peak approach (FRN-pp, where preceding P200 is
used as baseline peak for N200 peak measurement) was put forward as an alternative
scoring method to control for this confounding effect (Holroyd et al., 2003; Sallet et al.,
2013). Interestingly, by further exploring amplitude modulations brought about by FB
expectancy and valence for each deflection separately (i.e., P200 and N200), we could
confirm that the significant interaction effect between FB valence and FB expectancy at
the N200 level (i.e. FRN) did not merely result from the preceding P200 (see Results). As a
rule of thumb, depending on the experimenter’s goal and research interest, one of the two
scoring methods could be preferred above the other one. For instance, if the focus is on
reward itself, the use of the FRN-m appears preferable. By comparison, if more subtle
influences of expectancy are explored at the FB level, then a FRN-pp scoring method
appears more appropriate. However, in light of these slight discrepancies between the
different scoring methods used, and to better compare results in previous literature, it
seems important to report and compare the outcome of these different scoring methods
when it comes to assessing the sensitivity of an ERP component, like the FRN or RewP, to
FB valence and expectancy.
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Although these traditional peak analyses informed about the complex interplay
between reward and expectancy during feedback-based PM, they are still necessarily based
on local amplitude variations only. As such, one could potentially overlook more global
changes in the ERP signal occurring with these two factors, including topographical
alterations. To explore this possibility, we supplemented these analyses with a
topographical ERP mapping analysis that considered the FB-locked ERP signal when
measured at all 64 electrodes concurrently, as well as using a large time interval following
FB onset (hence, not restricted to local peaks or maxima only), strongly reducing the
number of priors. Our analysis confirmed the presence of a clear topographical change
depending on actual FB outcome during the time interval usually as sociated with the FRN
or RewP. Where a main topography shared many similarities with the FRN component (no reward dominance), the other competing spatial configuration of the electric field closely
resembled what is usually referred to as RewP in the existing ERP literature, and showed
enhanced activity for reward. Moreover, source estimation using LORETA confirmed the
presence of two non-overlapping networks accounting for these two dissociable maps. As
predicted by many models and earlier ERP studies (Bush, Luu, & Posner, 2000; Fouragnan
et al., 2015; Gehring & Willoughby, 2002; Miltner et al., 1997; Shackman et al., 2011;
Ullsperger, Fischer, et al., 2014), we found that the dACC provided the main intracranial
generator of this FRN-compatible map. In comparison, RewP activity was source localised
to more posterior regions, including the PPC, an area known to be involved in reward
processing (Knutson, Fong, Adams, Varner, & Hommer, 2001; X. Liu, Hairston, Schrier, & Fan,
2011; Luu et al., 2003; Nieuwenhuis et al., 2005). Even though some caution is needed in
the interpretation of these source localisation results as they correspond to imperfect
mathematical reconstructions of the intracranial sources, these results reveal an
interesting dissociation. The dissociation along the cingulate cortex depending on FB
valence is not odd, but very much in line with the functionally-distinct sub-regions
composing it, as was previously put forward by Vogt (2005). Under this framework, the
anterior midcingulate cortex (aMCC) is linked with the processing of negative emotions
(and the need for cognitive control, see Shackman et al., 2011), especially fear, anxiet y, and
even pain. Conversely, the PCC is assumed to play a predominant role in attention control,
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particularly in in orienting to targets that have a potentially high motivational value for
the individual, integrating the history of rewards previously experienced, assessing the
subjective relevance of incoming emotional information, and controlling the balance
between internal and external attention (Leech & Sharp, 2014). Using this neuro-anatomical
framework, we could assert that the stronger aMCC response to no-reward FB in our study
might reflect an (whole or none) alert signal in case the outcome turns out to be relatively
“negative” (no-reward; Shackman et al., 2011). By comparison, stronger PCC activity to
reward FB seems consistent with an attention-orienting effect towards an approachrelated or motivationally significant event for the participant, namely getting a small
financial reward after gambling – as in the present case. Similar interpretations of related
findings have been drawn in the context of error monitoring (Paul, Walentowska, Bakic,
Dondaine, & Pourtois, 2017) and reinforcement learning (Fouragnan et al., 2015).
Turning to the possible changes of these global ERP activities with FB expectancy, our
topographical analysis also showed a striking modulation that none of the two classical
ERP analyses (using FCz only) could actually reveal. Not only was FB valence clearly
modulating the expression of the global electric field, but FB expectancy inf luenced its
expression as well, and in a condition-specific manner. As our analysis revealed (see Figure
2.2), the RewP-related map somehow appeared to be the default ERP activity during this
long interval (from 210 to 380 ms following FB onset), progressively building up across
this interval and reaching climax at around 320 ms following FB onset. No-reward outcome
could break up this default processing at an early latency (around 280 ms following FB
onset), and generated a unique and distinct topography (being also short-lived), the FRN
map. This result supports the idea that in case of a negative event ( i.e. the lack of reward),
a phasic negative ERP activity similar to the N200-component (Heydari & Holroyd, 2016;
Shahnazian & Holroyd, 2018) is elicited. This response temporarily overrides the standard
reward-driven ERP response. Although still speculative, this break-up effect might be
caused by a phasic dip, or transient pausing, in dopaminergic firing which RL-theory would
suggest is the case (Fiorillo, Tobler, & Schultz, 2003; Schultz, 2013; Warren & Holroyd, 2012).
At odds with this interpretation, a positivity associated with a better-than-expected
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positive outcome (Proudfit, 2015) could be overridden by generic brain responses to salient
events in general (Holroyd et al., 2008; Talmi, Atkinson, & El-Deredy, 2013). Importantly,
and in line with the FRN-m analysis, this FRN-compatible topographical map did not,
however, show a systematic modulation (within explainable variance) to expectancy. We
speculate that both the FRN-m and the topographic mapping for the FRN map overlook a
phasic, short-lived, local modulation of expectancy that only the FRN-pp and the N200 peak
analyses were able to capture. Such a modulation was well evidenced in our topographic
ERP mapping analysis, although this was only witnessed in our RewP-derived topologies
and only at later time points. As such, these topographical results tell us about the actual
spatio-temporal dynamic of reward processing, suggesting that shortly after FB onset, FB
valence mostly influenced the expression of the ERP signal, irrespective of expectancy. In
our case, the FB valence effect was characterised by the transient blocking of normal
reward-related behaviour and was replaced for a short while by another negative, or lossrelated, ERP activity sharing many similarities with the FRN. Our ERP results suggest the
existence of two separate and dissociable networks depending on actual FB valence (yet
both having an early time-course following FB onset), which clearly demonstrates against
the use of difference waves, where new and undefined ERP activity would likely result from
this transformation, such as through subtracting no-reward response from reward FB. This
kind of approach, whilst possibly reducing the number of factors and variables in the
statistical analysis (Luck & Gaspelin, 2017), would nonetheless overlook and mitigate the
existence of independent sources and effects that contributes to both local amplitude as
well as global topographical changes in the ERP signal following FB onset. Hence, a clear
methodological implication of our ERP results is that the use of difference waves should
not be recommended as it could convolute important differences between the processing
of reward vs. no-reward outcomes during PM.
As discussed previously, we succeeded in identifying systematic modulations of
feedback-locked ERP signals due to expectancy with our elected topographic ERP mapping
analysis. These modulations were found in RewP-related maps exclusively, and became
stable at the statistical level when a prolonged time interval following FB onset was
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considered (unlike the FRN map). Interestingly, the PCC and its adjacent areas, which are
thought to give rise to such ERP activity, has previously been shown to be involved in
detecting novel and unpredicted events (Gabriel, Burhans, Talk, & Scalf, 2002; McCoy,
Crowley, Haghighian, Dean, & Platt, 2003). Moreover, earlier ERP studies showed that
during a comparable time window following FB onset, the amplitude of the RewP was
affected by expectancy and hence RPE (Sambrook & Goslin, 2015; Talmi, Fuentemilla, Litvak,
Duzel, & Dolan, 2012). Accordingly, given this clear modulation of the ERP signal to
expectancy for the RewP-related map, our results indirectly support these earlier studies
and models in ERP literature. Specifically literature that posited the effects of expectancy
on the FRN component could be driven, in part, by responses to unexpected reward as well
(Holroyd et al., 2008; M. M. Walsh & Anderson, 2012). That said, we observed this effect
through the topography only, and at a relatively late time interval (i.e., 298-338 ms
following FB onset). Although we failed to find evidence of a systematic change in the
explained variance of the FRN-compatible topography with FB expectancy, some caution is
needed before interpreting this as a “null” result. For example, it remains to be tested
whether using monetary loss or punishment for the no-reward outcome might not yield
stronger modulations of the FRN-compatible topography with expectancy, as this
manipulation would necessarily increase the salience of the no-reward outcome (Esber &
Haselgrove, 2011). As such, whether or not the FRN-compatible topography varies within
explained variance with expectancy, requires further investigation. Specifically, whether
other contrasts at the outcome level should be used and compared systematically using
similar ERP methods (including loss-related ones and hence the activation of a defensive
motivational system; Hajcak and Foti, 2008). Despite all this, our new topographical ERP
results are nevertheless important as they clearly suggest that FB valence processed
during gambling adheres to a two-stage process. First, FB valence is evaluated (with noreward evidently interfering with the default reward-related ERP activity) before a strong
expectancy effect comes into play, this occurs during a later stage and it selectively and
dynamically shapes reward processing. Presumably this modulation might reflect an
assignment of a different motivational value to the reward-related FB depending on its
expectancy. This interpretation aligns well with recent neurophysiological evidence that
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suggests a specific temporal sequence occurs during evaluative FB processing (Fouragnan
et al., 2015; Philiastides, Biele, Vavatzanidis, Kazzer, & Heekeren, 2010) , showing an early
(around 220 ms post FB onset) categorical evaluation of the outcome (i.e. valence) that is
followed (around 300 ms) by the processing of its actual deviation relative to the
expectation (i.e. salience). More generally, such rapid and fine -grained changes in the
actual spatio-temporal dynamic of reward processing during PM could hardly be captured
by means of a standard ERP data analysis. Hence, we contend that future ERP studies that
focus on reward processing and PM, should better incorporate topography to any ERP
component (FRN, RewP, P200, P300 or N200), as it carries relevant information about the
complex interplay between FB valence and expectancy. This approach might also lead to
amendments of some of the current models available in the field, that directly use specific
ERP components mentioned already, to generate testable predictions about the
neurophysiology of reward processing and PM (Ullsperger, Fischer, et al., 2014).
Despite its apparent strengths and added value, some limitations related to this
topographic ERP mapping analysis warrant comment. Because this approach is based on
an estimation, and clustering, of dissimilarities in terms of spatial configuration in the
electric field across successive TFs, it is not suited to reveal the contribution of presumably
independent components/sources that would be active and compete with one another
simultaneously, for which an ICA or PCA (Foti et al., 2015; Foti, Weinberg, et al., 2011a;
Proudfit, 2015) would preferably be used for example (Eichele, Calhoun, & Debener, 2009).
Previously published findings (Holroyd, Pakzad-Vaezi and Krigolson, 2008; Proudfit 2015)
suggest that the ERP response to reward and loss mostly differs by means of a positivity
that is unique to reward trials, as opposed to a negativity to no-reward trials. By
comparison, the outcome of our ERP topographic mapping analysis suggests the presence
of a phasic FRN-map (characterised by a fronto-central negativity) generated in a short
time period following no-reward (around 277ms), which seems to overlap and interfere
with a longer-lasting reward-related activity (characterised by a positivity showing a
centro-parietal scalp distribution). Tentatively, this discrepancy between our current and
previous ERP studies could be related to the abovementioned methodological factors, as
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well as the actual incentive used to guide performance monitoring (reward or loss related).
Presumably it is due to these reasons that our topographic ERP mapping analysis failed to
reveal a specific, short-lived topography associated with a reward outcome that would
mainly be characterised by a central positivity culminating when the N200 (no -reward)
reached maximum amplitude, as previously suggested for the RewP ERP component (K. D.
Novak & Foti, 2015; Proudfit, 2015). Instead, the RewP topographical map in our study
showed a broader (central and posterior parietal), and longer-lasting positivity that
presumably was partly overlapped by the P300 component. It remains to be determined,
to what extent the RewP map, found in our study, corresponds to the RewP ERP component
exclusively and what relates to the P300 component. Finally, it would be beneficial in
future studies to assess whether these two different topographies mentioned may also
somehow be related to different variations in the spectral content of the EEG/ERP,
especially since reward processing has recently been associated with systematic changes
in the power of either theta or delta oscillations (Bernat, Nelson, Holroyd, Gehring, &
Patrick, 2008; Cohen et al., 2007; Marco-Pallares et al., 2008). Considering the ERP results
obtained with the different scoring methods used in our study (FRN-m, FRN-pp, or N2 peak),
and some dissociations found between them, it appears challenging to relate complex
cognitive processes, such as expectancy or reward, to single or temporal-specific ERP
deflections, such as the P2 or N2. A better understanding of the actual neurophysiology of
these complex cognitive processes could probably be achieved by supplementing classical
ERP analyses with time/frequency methods that can inform about the actual spectral
content of the P2-N2-P3 complex, its modulation by reward and expectancy (Cavanagh,
Figueroa, et al., 2012; Cavanagh et al., 2010; Cohen & Donner, 2013; Cohen et al., 2007; Mas Herrero & Marco-Pallarés, 2014; Paul & Pourtois, 2017). Furthermore, the relative role of
phase-locked (captured by ERPs) and non-phase locked oscillatory activities may also
explain these effects (see also Cohen & Donner, 2013; Hajihosseini & Holroyd, 2013).
In summary, the current ERP results advance our understanding of reward processing
during gambling (in healthy adult participants), and more specifically, how reward is
actually shaped by expectancy when the topography, as opposed to ampl itude
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measurements performed at a single scalp location, is carefully considered. Our results
lend support to the existence of two, spatial and temporal, dissociable networks during FB
processing. One is driven by no-reward and involves the dACC, meeting many of the
electrophysiological criteria used previously to define the FRN component in existing ERP
literature. The other competes with the first, and is primarily reward -related and is
sensitive to expectancy, sharing many similarities with the RewP. Since abnormal reward
processing (and anhedonia) is a cardinal diagnostic feature of several affective disorders,
such as major depression, addiction, schizophrenia or pathological gambling, the
topographic ERP mapping analysis performed in this study, could be used more
systematically in future clinical settings to elucidate which component of reward
processing, in relation to expectancy, could be impaired in patients.
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POSITIVE MOOD & PM: INSIGHTS FROM ERRORRELATED BRAIN POTENTIALS 6

Katharina Paul, Wioleta Walentowska, Jasmina Bakic, Thibaut Dondaine & Gilles
Pourtois
Goal adaptive behaviour requires the rapid detection of conflicts between actions and
intentions or goals. While many studies have focussed in the past on the influence of
negative affect on this cognitive control process (especially error monitoring), little is
known about possible modulatory effects of positive affect. To address this question, we
used a standard positive mood induction procedure based on guided imagery, and asked
44 participants to carry out a speeded Go/NoGo task, while high density EEG was recorded
concurrently. A neutral mood group was used as the control condition. ERP results showed
that the error-related negativity (ERN) component, reflecting earlier error detection within
the dorsal anterior cingulate cortex, was not influenced by positive mood. In contrast, the
subsequent error positivity (Pe) component related to the appraisal of the motivational
significance of errors, was reliably smaller in the positive relative to the neutral mood
group. Complementing this with source localisation analyses showed that this effect was
explained by a decreased activation within the posterior cingulate and insular cortices.
These results were obtained in the absence of group differences regarding behavioural
performance and tonic arousal. Our findings suggest that positive mood likely decreases,
and changes the motivational significance of worse-than-expected events (Pe), whilst
leaving the earlier automatic detection (ERN) unaltered. We discuss these new results in
terms of dynamic changes within the complex interplay in performance monitoring with
motivation.

6

Based on Paul, K., Walentowska, W., Bakic, J., Dondaine, T., & Pourtois, G. (2017). Modulatory effects of
happy mood on performance monitoring: Insights from error-related brain potentials. Cognitive, Affective
and Behavioral Neurosciencee, 17(1), 106–123. doi: 10.3758/s13415-016-0466-8
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Introduction
Human behaviour is characterised by a high amount of flexibility that is necessary to
deal efficiently with rapidly changing demands in the environment. This ability stems from
dedicated cognitive control mechanisms that monitor the occurrence of deviances between
intended and actual actions, and if detected, trigger specific remedial processes (Botvinick
& Braver, 2015). In this framework, performance monitoring (PM) is usually achieved by the
processing of external incentives (e.g. positive or negative feedback) or internal/motor cues
(e.g. correct responses or response errors; Ullsperger, Fischer, et al., 2014). Feedback-locked
and response-locked PM is thought to operate via dopaminergic-dependent reward
prediction error mechanisms or signals influencing specific fronto-striatal loops in the
human brain (Frank et al., 2005; Holroyd & Coles, 2002; M. M. Walsh & Anderson, 2012) .
Interestingly, mounting evidence shows that PM is not immune to changes in the affective
state of the participant, or specific motivational drives (Koban & Pourtois, 2014; Olvet &
Hajcak, 2008; Weinberg, Riesel, et al., 2012). In particular, response-locked PM brain
mechanisms appear to be reliably influenced by trait negative affect such as anxiety,
apprehension and worry (Moser, Moran, Schroder, Donnellan, & Yeung, 2013; Olvet & Hajcak,
2008; Pizzagalli, 2014), as well as induced negative emotion (Wiswede, Münte, Goschke, et
al., 2009; Wiswede, Münte, & Rüsseler, 2009). By comparison, much less is known about
potential modulation of PM by emotions of positive valence. This paucity of information is
somewhat surprising given that positive emotions fuel resilience and well -being (Sheldon
& King, 2001), and are regularly assigned a special protective, or beneficial role in core
cognitive processes, such as attention, reasoning and creativity (Fredrickson, 2001). As such,
we set out in this study to test the prediction that positive emotions could perhaps
influence PM, with a focus on early response-locked error monitoring processes – which
were previously found to be susceptible to effects associated with negative emotions.
At the electroencephalographic (EEG) level, error monitoring provides a very good
insight into PM processes and their malleability by affect or motivation. This process is
captured by systematic amplitude variations of two well documented event -related
potentials (ERPs): the error-related negativity (ERN or Ne) and the error positivity (Pe;
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Falkenstein, Hohnsbein, Hoormann, & Blanke, 1991; Gehring et al., 1993; Ullsperger,
Danielmeier, et al., 2014). While the ERN component reflects the early, perhaps automatic,
detection of a discrepancy in terms of motor representations, between the incorrectly
executed and the desired (correct) or intended action (Coles, Scheffers, & Holroyd, 2001;
Gehring et al., 1993), the subsequent Pe is usually related to the conscious appraisal of
response errors and/or the processing of their motivational significance (Falkenstein et al.,
2000; Koban & Pourtois, 2014; Nieuwenhuis et al., 2001; Ridderinkhof et al., 2009) . Hence,
the ERN and Pe likely reflect two distinctive processes during error monitoring, as well as
PM more generally.
The ERN shows an ultra-fast neurophysiological time course (usually elicited 0100 ms after error commission over fronto-central electrodes along the midline) and high
degree of automaticity. However, its amplitude varies with motivational factors (i.e. when
accuracy is emphasised, see Gehring et al., 1993) or emotional variables (e.g. trait anxiety,
see Aarts & Pourtois, 2010). This suggests that the ERN is not only reflecting motor
cognition, but is likely reflecting emotional appraisal processes during PM (Olvet & Hajcak,
2008). For example, the ERN amplitude is usually increased for internalising traits or
disorders, including depression (Chiu, 2007; A. J. Holmes & Pizzagalli, 2008), anxiety (Aarts
& Pourtois, 2010; Hajcak, McDonald, & Simons, 2003a), and obsessive compulsive disorder
(Endrass & Ullsperger, 2014). By comparison, ERN’s amplitude is usually decreased in
externalising traits or disorders, such as in subjects with cocaine dependence (Franken, van
Strien, Franzek, & van de Wetering, 2007), or impulsive personality disorder (Ruchsow,
Spitzer, Grön, Grothe, & Kiefer, 2005). Growing evidence shows a reliable increase of the
ERN amplitude to negative affect at a non-clinical level (Hajcak et al., 2004; Luu, Collins, &
Tucker, 2000; Vaidyanathan, Nelson, & Patrick, 2012). Further studies have extended this by
examining manipulated sadness, short term negative affect and induced helplessness
(Olvet & Hajcak, 2012; D.M. Pfabigan et al., 2013; Wiswede, Münte, Go schke, et al., 2009;
Wiswede, Münte, & Rüsseler, 2009). Together, these congruent studies would suggest that
negative affect, conceived as either trait or state, reliably increases ERN response.

78

Introduction - Chapter 3
By comparison, the subsequent Pe component (peaking 145-300ms after error
commission in more central posterior areas than ERN/Ne), is considered to covary with the
degree of error awareness or the amount of salience induced by response errors (Overbeek
et al., 2005), and appears to be far less systematically influenced by negative affect. Some
evidence suggests that an overactive ERN usually goes along with a decreased Pe, which is
shown in subjects reporting high levels of trait negative affect (Hajcak et al., 2004). For
example, in clinical depression (Aarts, Vanderhasselt, et al., 2013; Chiu, 2007; A. J. Holmes
& Pizzagalli, 2010; Olvet et al., 2010; Schrijvers et al., 2009; Schroder et al., 2013) , or in
studies inducing threat as a negative emotional state (Moser et al., 2005). The lack of clear
understanding of negative affect on the Pe is further confounded by the fact that many
studies only focus on the ERN exclusively, without investigating possible effects of the
subsequent Pe.
Although still debated in the literature, the enhanced ERN amplitudes in negative
affect most likely reflect higher significance of response errors for these subjects, that is,
they recruit more cognitive resources to detect errors. Meanwhile, reduced Pe amplitude
could reflect a lower awareness or salience of error commission, even though it appears
difficult to reconcile these two opposing accounts. Regardless, an overactive ERN to
negative affects is consistent with the assumption of a mood congruency effect during PM
(Rusting, 1998), as well as the divergent functional significance of specific mood states
(Fredrickson, 2001, 2004). In the latter framework, mood does not simply trigger changes
in the approach vs. avoidance motivational system in a way which is compatible with the
actual mood content (i.e. negative mood yields avoidance, while positive mood fosters
approach). Rather, distinct mood states are characterised by different functions that can
influence cognition and behaviour in non-transparent ways. According to this model,
negative mood signals a potentially threatening environment, whereby the individual puts
more effort into timely detection and avoidance of potential dangers or threats.
Presumably, unwanted response errors are inherently aversive and belong to this category.
Their swift detection, at the ERN level, may therefore be eased with an experience of
negative affect. In contrast, positive mood signals a safe environment, where a more
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creative and heuristic processing style is usually promoted, leading to a broadening of
attention and the building of additional mental resources (Fredrickson, 1998, 2001).
Therefore in a positive mood state, there is no need for increased error monitoring.
Furthermore, this state likely shields the individual from experiencing negative affect or
distress, when encountering worse-than-expected events; as such, it helps maintain the
pleasurable mood state (Schwarz & Bless, 1991). However, whether or not the latter
affective positive mood state leads to a change in the amplitude of the ERN or Pe remains
undetermined. In fact, discrepant findings have been reported in the past showing
modulatory effects of positive affect to early error monitoring processes at the ERN level,
however results for the Pe amplitude were usually not considered. Some studies reported
smaller ERN amplitudes in those: with high life satisfaction (Larson et al., 2010); with
religious beliefs, which are linked to an overall positive view on life (Inzlicht et al., 2009);
or to positive affect after watching video clips (van Wouwe et al., 2011). In other studies the
opposite pattern was sometimes found. Wiswede et al. (2009) found larger ERN responses
in a Flanker Task where stimuli were superimposed on pleasant IAPS pictures. Bakic et al.
(2014) also found a larger ERN amplitude during a probabilistic learning task after positive
mood induction with guided imagery. Other studies failed altogether in finding reliable
influences of positive affect on the size of the ERN component (e.g. Luu et al., 2000 where
positive affect was assessed using the PANAS). Such discrepancies likely stem from the fact
that different methods to induce and measure positive emotions, or mood more generally,
have been used across these studies. To measure mood, verbal self-reports or subjective
ratings are often applied. However these show specific limitations such as introspection,
compared to more objective psychophysiological measurements. To induce a positive
emotional state, automatic emotional reactions are often provoked using specific
emotional material (e.g. pictures, music or films), or rewards and punishments (for a review
see Gilet, 2008; Westermann et al., 1996). However, because the same material is used for
all subjects to seek standardization, it lacks individualization and may therefore be
suboptimal. For this reason, induction techniques, based on guide d imagery and the recall
of personal autobiographical information, have recently been proposed as alternatives to
overcome those limitations. It is hoped that this will eventually induce more potent
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subject-specific mood states with enhanced ecological validity (Bakic et al., 2014; E. A.
Holmes et al., 2008, 2006; Kross, Davidson, Weber, & Ochsner, 2009; Vanlessen et al., 2015,
2013, 2014).
The goal of this study was to gain insight into possible modulatory effects of
positive mood (once it is induced and maintained) on error monitoring, with a focus on the
ERN and Pe ERP components. To this end, we directly manipulated the current mood state
of the participants by means of guided imagery (E. A. Holmes et al., 2008, 2006), while they
performed a standard speeded Go/NoGo task procedure. The task was designed to unlock a
large number of unwanted response errors, and has been previously validated in a number
of studies (Aarts et al., 2012; Aarts & Pourtois, 2010; Aarts, Vanderhasselt, et al., 2013; Vocat
et al., 2008). The elected mood induction procedure (MIP) was also validated in our
laboratory across different studies (see Bakic et al., 2014; Vanlessen et al., 2014, 2013).
Using this, we induced either a positive or a neutral mood in a between-subjects design.
Sixty-four channel EEG was recorded concurrently, to investigate the neurophysiological
components of error monitoring (ERN and Pe) carefully. The “broaden and build” theory for
positive emotions (Fredrickson, 2004) provides an important framework from which some
predictions could be derived in our research. In this framework, positive mood is thought
to increase creativity (Isen, 2008; Subramaniam, Kounios, Parrish, & Jung-Beeman, 2009),
cognitive flexibility (Nadler, Rabi, & Minda, 2010), and broaden attention (Vanlessen et al.,
2013, 2014). It can also impair specific components of executive functions such as planning,
task switching and inhibition (Mitchell & Phillips, 2007), due to increased distraction
accompanying positive mood states (Dreisbach & Goschke, 2004). In light of this evidence,
positive mood could very well interfere with, rather than increase, performance (e.g.
accuracy, speed), early error monitoring processes and behavioural adaptation following
error commission (i.e. post-error slowing). Such effects may be translated in a blunted ERN
or Pe component during the rapid monitoring of response errors in individuals experiencing
positive mood, compared to those in the neutral mood control group. Aside from capturing
current mood state by subjective ratings, we also measured physiological arousal
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simultaneously to assess whether modulatory effects of positive mood on error monitoring
were related to changes in the autonomic nervous system or not.

Methods
Participants
Fifty undergraduate students from Ghent University took part in the study and w ere
compensated €30. All of them were right-handed, reported normal or corrected-to-normal
vision, and had no history of psychiatric or neurological disorders. The study was approved
by the local ethics committee and all participants gave written informed consent prior to
participation. Participants were randomly allocated to either a positive or a neutral mood
condition (n = 25 per group). The data of three subjects were excluded due to failures of
the mood induction (Bakic et al., 2015, 2014). Within the neutral mood condition, two
participants were excluded because their level of happiness increased and stayed on a very
high level after the MIP compared to the rest of the neutral group (more than 1.8 SD above
the mean). Within the positive mood group, the data of one subject had to be excluded due
to a decrease in levels of happiness following the mood induction compared to the baseline
measurement prior to it (1.8 SD below the mean). A further three participants (two from
the positive group) had to be excluded due to technical problems during EEG data
acquisition. In total, 22 participants per mood group were eventually included in the final
sample. These two groups were matched by gender and age (positive group: Mage = 21.8
years, SD = 2.52, 14 females; neutral group: Mage = 22.4 years, SD = 2.26, 15 females).

Mood Induction
A previously validated mood induction procedure (MIP) was used (see Bakic et
al., 2014; Vanlessen et al., 2014, 2012). In a between-subjects design, either positive or
neutral mood was induced by means of an imagery procedure in which participants were
instructed to vividly imagine and re-experience a specific autobiographical memory (E. A.
Holmes et al., 2008, 2006). Participants were kept unaware of the purpose of the
procedure, being told it was about episodic memory abilities and not about emotional re 82
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experiencing. Prior to the MIP, participants were trained in multisensory imaging from
their own perspective with a standard four step imagery exercise (manipulating a lemon)
(E. A. Holmes et al., 2008, 2006). They then had to choose an appropriate memory that
happened at least one week before, that either made them feel very happy (positive
mood group), or did not elicit any specific emotions but was linked to a physical activity
(neutral mood group). We chose this specific instruction in the neutral mo od group to try
to balance levels of arousal with the positive mood group (where usually both valence
and arousal increase, see Bakic et al., 2015).
Table 3.1 provides a summary of the main memory contents retrieved by the
participants, which shows that the neutral group mainly recalled sport-related activities,
while the positive mood group used activities characterised primarily by the presence of a
social component. Participants then closed their eyes and tr ied to imagine the situation
twice as vividly as possible for 60 seconds each time. In between, the experimenter asked
precise questions about sensations and details, in order to encourage concrete
imaginations (E. A. Holmes et al., 2008; Watkins & Moberly, 2009), and to ensure that
regardless of the mood condition, both groups experienced vivid mental imagery. Finally,
participants were asked (based on a rating scale of five points, ranging from ‘not at all’ to
‘completely’) how well they could imagine the situation from their own perspective. This
was used as a short manipulation check to assess how strongly they could re -experience
the desired memories (in their mind’s eye). The MIP was repeated after each block of the
Go/NoGo task (conducted three times for five minutes each), with the aim to maintain the
targeted mood state throughout the whole experiment.
To check (at the subjective level) the current mood state before the first, and after
every MIP, participants were asked to mark on a 10-cm horizontal visual analogue scale
(VAS) their current feeling of happiness, pleasantness and sadness. The left anchor was
labelled with “ neutral” and the right one with “ as happy/pleasant/sad as I can imagine ”.
Furthermore, participants had to rate their current arousal level with the Self -Assessment
Manikin for Arousal (Bradley & Lang, 1994).
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Table 3.1 Content of the reported memory. Participants in the neutral mood group used sport-related
activities (in line with the instructions), while the positive mood group retrieved activities that
primarily included a social component.
Neutral memories

Positive memories

House & garden work

24%

Friends

23%

Sport (running, jogging,
swimming)

32%

Sport (competition,
adventure)

19%

Prepare food

20%

Holidays

19%

Walking, hiking

12%

Romantic episode

15%

Riding bike

8%

Buying wanted item

12%

Moving house

4%

Family

12%

Task
Participants performed a modified version of a speeded Go/NoGo task that was
previously used and validated in different studies (Aarts, Vanderhasselt, et al., 2013;
Pourtois, 2011; Vocat et al., 2008), see Figure 3.1 for an overview. Visual stimuli consisted
of a square or a diamond presented in the centre of a white screen. Each trial started with
a fixation cross (1000 ms), then a black square or diamond was presented for a variable
time interval (between 1000 – 2000 ms to keep uncertainty of the target time high). This
geometric figure then became either green or orange, while its in -plane orientation
remained either identical (square-square or diamond-diamond sequence) or swapped
(square-diamond or diamond-square sequence). This visual stimulus remained on screen
for 1000 ms, or until a button press. Participants had to perform a speeded colour and
shape discrimination task, where both speed and accuracy were emphasised. When the
geometric figure turned green and kept its original shape (two third of the trials; Go trials),
participants had to press a pre-defined key on the response box as fast as possible with
their right index finger. If the geometric figures turned orange (one sixth of the trials) or
changed shape (one sixth of the trials; all corresponding to NoGo trials), then they had to
withhold responding.
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Figure 3.1. Stimuli and task. (A) On each trial, a black square was presented. After a variable interval
(1000 ms–2000 ms) the black square became green and kept its initial orientation (two thirds, Go
trials). (B) On the remaining one third of the trials, it became both green and changed orientation,
or it turned orange (NoGo trials).

To ensure that every participant would commit a sufficient number of response
errors (i.e. responses on NoGo trials) but preventing excessive frustration or blurring of
task rules, we used a strict reaction time cutoff (see also Aarts et al., 2012; Aarts & Pourtois,
2010; Vocat et al., 2008). On every Go trial, the reaction time (RT) was compared against
an arbitrary cutoff. If the RT speed was above this limit (Slow hit trial, SH), then a negative
feedback was provided 1000 ms after response onset (“ too slow ” written in Dutch was
presented for 500 ms in the centre of the screen). No feedback was provided after a so called Fast hits (FH, i.e., the RT speed was below the cutoff) or errors, to increase internal
monitoring in these cases. Unknown to the participants, this cutoff was calculated during
specific calibration blocks that preceded each experimental block. During the first three
experimental blocks, participants had to be 10% faster than the mean, calculated durin g
the (yoked) calibration blocks, and 20% during the last (fourth) experimental block. The
value of this procedure is that the RT cutoff is calculated for each participant separately,
and adjusted during the experimental session to deal with the inherent inter-individual
variability in RT speed, as well as unspecified effects of time and habituation/learning
(intra-individual variability; see Vocat et al., 2008). The experiment consisted of a practice
block of 12 trials (four Go trials, four NoGo trials of each type), two calibration blocks of 14
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trials (ten Go and two NoGo trials of each type), and four experimental blocks of 84 trials
each. Each calibration block was followed by two test blocks. Trial presentations were
randomised within blocks. Stimuli were shown on a 21-in CRT screen, and the task was
programmed and executed using E-Prime (V 2.0, Psychology Software Tools Inc.,
Sharpsburg, PA).
Recording and Preprocessing of Electrophysiological Data
EEG was recorded using a 64-channel Biosemi Active Two system
(http://www.biosemi.com). EEG was sampled at 512 Hz and referenced to the Common Mode
Sense (CMS) active electrode–Driven Right Leg (DRL) passive electrodes. The EEG was
preprocessed offline with Brain Vision Analyser 2.0, using a s tandard scheme of data
transformation meant to extract response-locked ERPs (A. Keil et al., 2014). To begin with,
a 0.016 Hz high pass filter was applied and the data were re-referenced using the common
average of all electrodes. Individual epochs were segmented using a ± 500 ms interval
around the response onset. Eye blinks were removed automatically with the ocular
correction for blinks (Gratton, Coles, & Donchin, 1983), using the difference amplitude of
the two electrodes attached above and below the left eye respectively. Each epoch was
corrected to baseline using a 200 ms time interval (-500 to -300 ms prior to the response).
Artefact rejection was based on a ±70µV amplitude cutoff. Using this criterion, at least 70%
of the individual segments were kept and included in the averages, with no significant
group difference in the amplitude cutoff ( MPositive = 72.6, SD = 9.29, M Neutral = 75.2, SD = 9.82;

t (1, 42) = .915, p = .37, d = 0.27). Individual trials were averaged separately for each condition.
Finally, a 30 Hz low pass filter was applied before grand average response-locked ERP
waveforms were computed.
Electro dermal activity (EDA) was recorded continuously (512 Hz sampling rate,
using the same parameters as for the EEG recording) via two bipolar electrodes that were
attached to the volar surfaces of the distal phalanges of the left index and middle finger
of the non-dominant hand. Participants were instructed to lay their left forearm
comfortably on the table, and were asked to not move it during the experimental blocks.
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Data Analysis
Analysis of mood manipulation effects & behavioural data. For these, and all
subsequent analyses, the significance alpha cutoff was set to 0.05. To check for the
efficiency of the MIP, a mixed model ANOVA with MOOD (positive vs. neutral) as betweensubjects factor and TIME (5 MIP ratings) as within-subject factor was used, separately for
all four assessments (happiness, pleasantness, sadness, and arousal). Whenever the two way interaction was significant, it was followed up by the appropriate post -hoc
comparisons available in SPSS. To assess if imagination involved in the (guided imagery)
task differed between groups, a mixed model ANOVA with MOOD as between-subjects factor
and TIME (5 measurement points) as within-subject factor was used.
For the main task, errors for the two NoGo trial types (colour and orientation)
were collapsed (see also Aarts & Pourtois, 2010, 2012), while only FH (corresponding to
correct and fast, i.e. RT below the updated cutoff, decisions on Go trials) were used as
correct responses for comparative purposes with incorrect ones. Accuracy and RT speed
was compared between the two mood groups by means of independent sample t -test. The
post-error slowing effect (Laming, 1979; Rabbitt, 1966) was also computed by comparing
the two mood groups with a mixed model ANOVA with mood (positive vs. neutral) as
between-subjects factor, and post-trial type (hits following errors vs. hits following FHs)
as a within-subject factor.
Analysis of ERPs. Based on the electrophysiological properties of the current ERP
data set (see Figure 2A and 2C), the ERN was defined as the mean amplitude during the 10 60 ms post-response interval at electrode FCz. The Pe was calculated as the mean
amplitude during the 145-205 ms interval following response onset at electrode Cz. For
each ERP component separately, a mixed-model ANOVA with MOOD as between-subjects
factor and ACCURACY (error vs. FH) as within-subject factor was used. To control for
arousal-related effects on these two response-locked ERP components, an additional
ANCOVA was calculated with the same experimental factors, including the mean skin
conductance level (SCL) as a covariate. To estimate if the current study was sufficiently
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powered to detect any group difference, post-hoc G*power analyses (Faul, Erdfelder, Lang,
& Buchner, 2007) were performed.
Topographical analysis. The classical peak analysis outlined above was
supplemented with a standard topographical ERP mapping analysis in order to characterize
the topography (i.e. the actual geometrical configuration of the electric field defined by all
64 channels concurrently) of these two main response-locked ERP components (ERN and
Pe), and eventually assess effects of positive mood. All these analyses were carried out
using CARTOOL software (Version 3.34; developed by D. Brunet, Functional Brain Mapping
Laboratory, Geneva, Switzerland). The basic principles of this method has been discussed
extensively elsewhere (Michel et al., 1999; Murray et al., 2008; Pourtois et al., 2008) . First,
using the K-means cluster analysis (Pascual-Marqui, 2002) the dominant topographical
maps were identified using the whole ERP epoch (i.e., from 500 ms before till 500 ms after
response onset, corresponding to 512 time frames at a 512 Hz sampling rate), including the
ERN and Pe components. Next, using spatial fitting procedures, the dominant topographi es
identified in the preceding step were then fitted back to the individual ERP data/average
to determine their expressions across subjects and conditions. We used the global
explained variance (GEV) as dependent variable, which corresponds to the goodness -of-fit
of these dominant topographical maps. Finally, these GEV values were entered in an ANOVA
with ACCURACY and MAP CONFIGURATION as within-subject factors, and MOOD as betweensubjects factor.
Source localisation. To estimate the configuration of the neural generators
underling the previously identified error-related field topographical components, a
distributed linear inverse solution was used, specifically, standard ised low-resolution brain
electromagnetic tomography (LORETA; Pascual-Marqui, 2002). LORETA solutions are
computed within a three-shell spherical head model coregistered to the MNI152 template
(Mazziotta et al., 2001). LORETA estimates the 3-D intracerebral current density distribution
within a 5-mm resolution (6239 voxels each with an equivalent current dipole). The 3 -D
solution space is restricted to the cortical gray matter and hippocampus. The head model
uses the electric potential field computed with a boundary element method applied to the
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MNI152 template (Fuchs et al., 2002). Scalp electrode coordinates on the MNI brain are
derived from the international 5% system (Jurcak et al., 2007). The calculation was based
on the common average. The inverse solution results for the ERN and the Pe component
were compared between the two mood groups using independent sample t -tests
performed on log-transformed data. We used a stringent nonparametric randomization test
(relying on 5000 iterations) to reveal potential group differences in the inverse solution
space, through direct statistical comparisons between conditions and mood groups, setting
the level of significance for all the analyses to p <.01 (see also Schettino, Loeys, Delplanque,
& Pourtois, 2011; Schettino, Loeys, & Pourtois, 2013).

Figure 3.2. Main ERP results. (A) A butterfly view of the grand-average error-related ERP data in the
neutral mood shows that ERN reached its maximum around 10-50 ms at FCz while the subsequent
Pe peaked at 145-200 ms post-response-onset at electrode Cz. The waveforms recorded at FCz and
Cz are depicted in black. (B) Result of the corresponding topographical ERP mapping analysis. Two
distinct topographical maps, the ERN/Ne and Pe, were isolated using a clustering method (see
methods section for details). (C) These two topographical maps unambiguously corresponded to the
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ERN/Ne and Pe component. (D) Using LORETA, a direct statistical comparison between Errors and FH
during the ERN time interval (left panel), showed enhanced error-related activity arising in the
rostral part of the ACC, while during the Pe time interval, this error-related activity encompassed
more dorsal and posterior cingulate regions (right panel).

Analysis of skin conductance. EDA was analysed using Ledalab software V.343
(Benedek & Kaernbach, 2010a, 2010b), implemented in MATLAB (Version R2014a). Data was
smoothed by convolution with an 8 point Gaussian window and a low-pass Butterworth
filter of 5 Hz applied. Artefacts were identified and interpolated using visual inspection
( M = 1.34 %, SD = 3.02 %). Ledalab returns the SCL as a continuous measure of tonic EDA and
separates it from a phasic driver underlying the skin conductance data as a continuous
measure of phasic EDA or skin conductance responses (SCR). While SCL represents the
global electro dermal level, SCR reflects the physiological response to certain events (here
with a focus on responses, either correct or incorrect) superimposed to that (Benedek &
Kaernbach, 2010b). The mean SCL for each block (lasting for five minutes) was calculated
per subject. Additionally, phasic SCR was quantified within a response window of 0.5 to 3.5
s after response onset, and with a minimum amplitude criterion of 0.05 µS (Boucsein et al.,
2012). Individual data (average phasic driver for each epoch) was range corrected using the
largest and lowest response per subject following the recommendation of Lykken and
Venables (1971), before being averaged for each condition. Changes of the SCL between the
two mood groups were compared using a mixed-model ANOVA, with MOOD as betweensubjects factor, and TASK BLOCK number (n = 4) as a within-subject factor. Changes in the
SCR to different responses were also compared using a mixed-model ANOVA, with MOOD as
a between-subjects factor, and ACCURACY as a within-subject factor.

Results
Manipulation Checks
There was a significant interaction of TIME and MOOD for all subjective ratings, except
sadness: F(4,

168)

= 1.88, p = .12, η² = .040; happiness: F(4,

168)

= 23.5, p < .001, η² = .26;

pleasantness: F(4, 168) = 9.80, p <.001, η² = .17; arousal: F(4, 168) = 7.69, p <.001, η² = .15. No
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significant group differences for mood ratings were found at baseline, prior to the first
MIP, for none of the different ratings used (all ps ≥ .12). After the MIP, only the positive
mood group showed increased levels for happiness, pleasantness and arousal compared to
baseline, all p s ≤ .008, and showed higher levels of happiness, pleasantness and arousal
compared to the neutral mood group for all successive time points, all ps ≤ .002.
Manipulation check of the MIP did not reveal any significant group difference for the
imagination abilities, F (1, 42) = 0.06, p = .807, η² < .001. This null finding therefore suggests
that both groups were equally strongly involved in visual imagery, ruling out thereby a
strong asymmetry between them regarding (cognitive) load or efforts made to relive
actively the targeted memory.

Behavioural Results
Table 3.2. Accuracy and mean reaction times per mood group for each trial type
Trial Type

Neutral

Positive

Comparison

Number of Trials per Condition
M
SD

M

SD

t (42)

p

d

FH
Error

93.9
49.6

35.6
23.3

.45
.11

.65
.91

.12
.001

M

SD

t (42)

p

d

215
321
259
283
21.6

24.2
36.0
29.2
32.5
20.1

.20
.20
.16
.58
.71

.84
.84
.87
.57
.48

.06
.17
.05
.17
.21

98.3
50.4

30.2
24.7

Speed (ms) per Condition
M
SD
FH
Error
Post FH
Post error
Post-errorslowing

217
314
258
275
15.8

34.3
44.6
36.0
52.8
32.3

Task performance was similar between the two groups (see Table 3.2): the error rate
was not different between them, t(42) = 0.11, p = .91, d = 0.034. Likewise, the ratio between
fast versus slow hits was similar, t (42) = 0.89, p = .38, d = 0.027. Moreover, the correlation
between speed and accuracy was also balanced between the positive and the neutral mood
group, r Neutral

(20) =

-.72, p <.001, rPositive

(20) =

-.54, p = .009; Z = 0.95, p = .34. The groups did

not differ in RT speed either (for none of the trial type considered, Table 3.2), nor in the
individual time limit used to separate FH from SH, t

(42) =

0.027, p = .978, d = 0.001. A
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classical post-error slowing effect was observed. RTs were longer for hits after an error
compared to hits following a FH, F(1, 42) = 22.1, p <.001, η² = .35. However, the magnitude of
the post-error slowing effect was not influenced by MOOD (main effect of mood: F (1,
42) =

0.49, p = .49, η² = .004; interaction MOOD and ACCURACY: F (1, 42) = 0.18, p = .67, η² = .008).

ERP Results
The analysis performed on the mean ERN amplitudes at FCz electrode showed a
significant main effect of ACCURACY, F (1, 42) = 45.33, p < .001, η² = .51, but no significant
effects of MOOD, F(1, 42) = 1.34, p = .25, η² < .001, or interaction between these two factors,

F(1, 42) = 1.33, p = .26, η² = .016. The amplitude of the ERN (for errors) was larger than the
amplitude of the CRN (correct-related negativity, for correct responses), see Figure 3.3A.
Entering the mean SCL as a covariate revealed no significant effect, all Fs (1, 41) ≤1.33, ps ≥.26,

η²s ≤.031. Post-hoc power estimations confirmed that the current study was sufficiently
powered to detect a group difference at the ERN level (1- β = 0.89).
For the Pe component recorded at Cz electrode, the analysis showed a significant main
effect of ACCURACY, F(1, 42) = 75.99, p <.001 η² = .62. Importantly, the main effect of MOOD,

F(1, 42) = 8.74, p = .005, η² = .17, and the interaction between these two factors, F(1, 42) = 4.13,
p = .049, η² = .034, were also significant. When the mean SCL was added as a covariate, the
main effect of MOOD, F(1, 41) = 8.52, p = .006, η² = .17, and the interaction between ACCURACY
and MOOD, F(1, 41) = 4.50, p = .040, η² = .092, remained significant. The Pe amplitude for
errors was larger than the amplitude of the positivity related to correct responses (Pc) in
both groups, all ps < .001, but this difference was reduced in the positive group. More
specifically, while the Pc was only trend significant lower for positive than neutral
participants, p = .47, the Pe was clearly blunted in the positive compared to the neutral
mood group, p = .004, see Figure 3.3B. Post-hoc power estimations confirmed that the
current study was sufficiently powered to detect a group difference at the Pe level (1 β = 0.99).
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Figure 3.3. ERP results. (A) Grand average ERP waveforms at FCz (ERN) shown for each m ood group
(neutral and positive) and response type (error and FH) separately. (B) Grand average ERP
waveforms at Cz (Pe) shown for each mood group (neutral and positive ) and response type (error
and FH) separately. (C) Mean amplitude at FCz (in µV) for the ERN (errors) and CRN (hits) for the
two groups separately. A significant main effect of accuracy was found whereby the ERN was larger
than the CRN, equally so in the two mood groups. (D) Mean amplitude at Cz (in µV) for the Pe (errors)
and Pc (correct hits) for the two groups separately. Unlike the ERN, the Pe was reliably reduced in
the positive mood group, as revealed by a significant group x accuracy interaction effect. The error
bar represents the 95 % confidence interval (CI). * refers to p < .05, ** refers to p < .001.

Skin Conductance Results
The ANOVA performed on the SCL values did not reveal any significant change of tonic
arousal during the experiment (main effect of task BLOCK: F(3, 126) = 0.79, p = .50, η² = .019),
or any difference between the two mood groups (MOOD: F(1, 42) = 0.017, p= .89, η² < .001, or
the interaction task BLOCK and MOOD: F(1, 126) = 0.11, p = .96, η² = .003). However, an analysis
performed on the phasic SCR to either error or FH did reveal a significant difference
between these two opposite response types, ACCURACY: F(1, 42) = 6.44, p = .015, η² = .14, with,
as expected, a higher SCR for errors than for FH, p = .01; MFH =.068, SD FH =.059, M Error = .091,

SDError =.096. The SCR was not globally influenced by MOOD, F(1, 42) = .44, p = .51, η² = .01, and
the interaction between MOOD and ACCURACY was not significant, F(1,

42)

= .13, p = .72,

η² = .001.
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Topographical Mapping Results
A solution with seven dominant maps explained 99.0 % of the variance. During the
time interval of the ERN (10-60 ms post-response onset), a main topographical change
between errors and FH was evidenced. While the topography of the ERN (errors) was
qualified by a clear negative deflection at fronto-central electrode positions (around FCz),
the CRN map (FH) was characterised by a weaker and broader prefrontal negative
deflection (see Aarts & Pourtois, 2010; Aarts et al., 2013 for similar results with the same
task), see Figure 3.2BC.
The ANOVA run on the GEV values obtained for each component (ERN/CRN)
revealed a significant interaction between ACCURACY and MAP CONFIGURATION, F(1,
42)

= 20.41, p <.001, η² = .13. While the CRN map explained more variance for FH than errors,

p <.001, the exact opposite pattern was found for the ERN map, p < .001. This effect was
not modulated by MOOD, however (mood: F(1, 42) = 3.52, p = .068, η² = .07, any interaction
with mood: F(1, 42) < 0.62, p > .44, η² < .01), see Figure 3.4AB.
During the Pe time interval (145 to 205 post-response onset), a specific errorrelated topography could be evidenced alike. It was characterised by a large positivity
surrounding the Cz electrode position (Pe), while FH elicited a weaker and broader
posterior positivity (Pc). Consistent with the observation that mood influenced the Pe when
considering the amplitude of this component at electrode Cz, the ANOVA run on the GEV
values obtained after fitting (hence reflecting the topography of this mid latency errorrelated ERP component) revealed a significant interaction between ACCURACY, MAP and
MOOD, F (1, 42) = 4.61, p = .038, η² = .03. As it can be seen from Figure 3.4, the variance of the
topography elicited by FH in the neutral group could be explained better with the
topographical map of the Pc, p = .002, and for errors with the Pe topographical map,

p < .001, while there was no such differentiation in the positive group for the Pe map,
p = .091, but for the topographical map of the Pc, p = .031, see Figure 3.4CD.
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Figure 3.4. Results of the topographical ERP mapping analysis. (A) The scalp map of the ERN sho wed
a negative activity over central prefrontal electrodes, while the CRN had a qualitatively different
scalp configuration. (B) For both groups, the ERN/Ne topographical component explained more
variance for errors than hits, while the topographical compo nent corresponding to the CRN showed
the reversed pattern. (C) The scalp map of the Pe was characterised by a broad positive activity over
central electrode positions whereas FH were associated with a qualitatively different scalp
configuration during the same time interval (Pc). (D) The Pe topographical component explained
more variance for errors than FH, but in the neutral group only (this effect was substantially
attenuated in the positive mood group), while the Pc component explained more variance for FH
than errors in both groups. Error bars correspond to 95 % CI. * refers to p < .05.

Source Localisation Results
The statistical comparison in the inverse solution space between errors and FH within
the time window of the ERN/CRN (10-60 ms post-response onset) revealed widespread
clusters with stronger activation for errors compared to FH: one located within the
midcingulate/anterior cingulate cortex (ACC) (including Brodmann Area (BA) 24, 32; max. at
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5x, 40y, 5z; 32; BA 24; t(43) = 2.98, p = .003) and another one corresponding to the left
frontal gyrus (FG) (including BA 7-11, max. at -15x, 50y,10z; BA 7; t (43) = 2.63, p = 0.007), see
Figure 3.2D. However, mood did not influence these effects (group comparison for er rors
at ACC: t(42) = 0.16, p = .44; at FG: t(42) = 0.38, p = .35; group comparison for FH at ACC:

t (42) = 0.40, p = .34; at FG: t (42) = 0.35, p = .36).
During the time interval corresponding to the Pe component (145 -205 ms postresponse onset), the statistical comparison between errors and FH showed that errors led
to a stronger activation in a broad cluster extending from anterior/posterior parts of the
cingulate gyrus (including BA 23, 24, 30-32; max. at 5x, -10y, 30z, BA 24; t (43) = 8.0,

p < 0.001) to frontal (including BA 2-7, 18, 19, 37, 40) and parietal regions (including BA 811, 20-22, 39). Further, a bilateral cluster within the insula with stronger activation for
errors than FH was found (BA 13, max. at -35x, -25y, 20z, t(43) = 7.89, p < 0.001), Figure 3.2D.
Importantly, a direct statistical comparison between the two mood groups for errors
confirmed an alteration of the intracranial generators giving rise to the Pe: in the positive
mood group, decreased activations (relative to the neutral mood group) within the
posterior part of the cingulate cortex spreading to superior frontal and parietal gyrus
(including BA 3-6, 8, 24, 31; max. at -5x, -10y, 70z, BA 6; t(42) = 4.13, p < 0.001), as well as the
insula bilaterally (with an effect more pronounced in the right hemisphere, max. at 45x, 15y, 15z, BA 13; t(42) = 3.29, p < 0.001) were observed. By comparison, only very few nodes in
the posterior parietal cortex showed a small difference between the two mood groups for
FH (max -20x, -55y, 70z, BA 7; t (42) = 2.79, p = .007), see Figure 3.5.
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Figure 3.5. Source localisation results (LORETA). (A) Inverse solution for the Pe (errors) shown
separately for the neutral and the positive mood group, revealing a main (and extended) cluster
encompassing the dorsal ACC and posterior parts of the cingulate gyrus (BA 24), which was reliably
reduced in the latter group. (B) Inverse solution for the Pc (FH), separately for the neutral and the
positive mood group, revealing an overall smaller cluster (than the activity elicited for errors) in
posterior parts of the cingulate gyrus (BA 31), which was less active in the latter group. (C) A direct
statistical comparison between the two groups for errors revealed that the neutral group had
stronger activations than the positive group within the dorsal ACC and posterior cingulate gyrus
(BAs 24, 31, 6), as well as the insula bilaterally (BA 13). (D) For FH, group differences (in these same
regions) were clearly more modest and circumscribed than for errors.

Discussion
To explore possible modulatory effects of positive mood on error monitoring
processes, we induced either a positive or a neutral mood (using a guided imagery
technique) in healthy participants (university undergraduate volunteers). After the MIP, all
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participants performed a speeded Go/NoGo task while 64-channel EEG and SCL (as a
measure of autonomic arousal) were recorded concurrently. We chose this specific task
because it allowed us to unlock a large number of response errors in each participant
within a relatively short period of time, thereby facilitating its combination with an
orthogonal mood manipulation (Bakic et al., 2015, 2014, Vanlessen et al., 2015, 2013, 2014) .
This task is suited to examine and characterize, using scalp EEG methods, the
neurophysiology of error monitoring, with the generation of two clear-cut and welldocumented response-locked ERP components observed after error commission, namely
the ERN/Ne and the Pe (Aarts & Pourtois, 2010; Pourtois, 2011; Vocat et al., 2008). We sought
to specifically assess whether experimentally induced positive mood could alter one (or
both) of these two ERP components in the opposite direction, compared to effects usually
created by negative affect (when conceived as a state or mood effect at the subclinical
level) or internalising traits and psychopathology. For these the ERN is usually found to be
overactive, while the subsequent Pe is decreased, compared to neutral mood; see Koban &
Pourtois, 2014; Weinberg, Kotov, & Proudfit, 2015). Our results showed that positive mood
selectively decreases the Pe component whilst leaving the preceding ERN/Ne component
unchanged (relative to an active control condition with a neutral mood content),
suggesting a component-specific effect triggered by the positive mood state during error
monitoring. Importantly, this effect was evidenced in the absence of obvious differences at
the behavioural level between the two mood groups for both task performance, and post error adaptation. Similarly, arousal did not differ between the two groups. Using
complementing topographical and source localisation methods we were able to gain
insight into the actual neurophysiological expression of this selective change at the Pe
level, as well as the underlying neural sources likely giving rise to it. We discuss the
implications of these new results in greater detail below.
The MIP used in this study led to the elicitation of a specific mood, or emotional state,
characterised by a high level of experienced happiness and pleasure (positive affective
dimension) while leaving sadness (as negative affective dimension) unchanged. We found
that this manipulation gave rise to an interesting dissociation between arousal at the
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subjective level (that was increased in the positive compared to the neutral mood group;
see also Bakic et al., 2015), and tonic activity as measured at the autonomic nervous system
(ANS) level using SCL (that was not different between the two mood groups). It is Important
to note that, the lack of a SCL difference between the two mood groups could not be
explained by the absence of normal and differential ANS reactions detected in our
participants, since they did respond stronger to response errors compared to FH, as
captured by the concurrent SCR measurement. However, the lack of group difference in
tonic activity (SCL) should be interpreted with caution in the present case, because the
experimental design and task demands used may have obscured a systematic change in
SCL with positive mood. One factor likely accounting for this dissociation pertains to the
way the measurement was made. While the subjective ratings were performed immediately
after the mood induction, the (objective) skin conductance level was defined as the mean
throughout the task. It has been shown previously that the induced arousal, but not
valence, decreases over time (Gomez, Zimmermann, Guttormsen Schär, & Danuser, 2009),
which has been explained as a down-regulation of physiological arousal that interferes
with task performance. At any rate, it appears plausible to conclude that the specific
positive mood state elicited by the MIP in our study was not unspecific or undifferentiated,
but instead, it likely corresponded to genuine joy or pleasure (i.e. a state of well -being
characterised by contentment), as opposed to other positive mood states, such as bliss,
euphoria or conversely serenity, for which arousal related changes in the ANS are likely to
be observed (Christie & Friedman, 2004; Shiota, Neufeld, Yeung, Moser & Perea, 2011) . As a
limitation, we note that because participants reported an increased level of both happiness
and pleasantness following the MIP, the specific mood induced probably lacked clear
differentiation in terms of positive emotion content experienced by them. Nevertheless,
our attempt to specify the actual mood state elicited by the MIP, based on both subjective
ratings and objective (psychophysiological) measurements, is important because positive
emotion or affect is not usually conceived as a unitary construct. Rather, it likely
encompasses different forms or expressions (spanning from astonishment to euphoria),
each of them being susceptible to influence cognition, physiological responding,
motivation, or behaviour in a specific way (Shiota et al., 2014). As our behavioural results
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clearly show, the joy elicited in the positive mood group did not interfere with cognitive
control or inhibition directly (as well as post-error adjustments), since behavioural
performance was matched between the two mood groups (see Vanlessen et al., 2015 for a
similar conclusion). This observation is important because it confirms that the idiosyncratic
joy or contentment experienced by the participants (in the positive mood group) was not
merely causing noise or distraction (Dreisbach & Goschke, 2004), but it did however alter
the subjective experience of specific events, namely response errors, as revealed by the
corresponding ERP results. From a methodological point of view, the balanced behavioural
performance between the two mood groups is valuable because the differential error
monitoring, seen at the ERP level between them, cannot be accounted for by asymmetries
in the number of responses errors, or the speed with which they were committed. These
two factors reliably influence the shape and morphology of response -locked ERP
components, especially the ERN/NE (Gehring et al., 1993; Olvet & Hajcak, 2009). The lack of
group differences at the behavioural level (speed and accuracy) was not unusual in the
present case, it was actually expected given the specifics of the Go/NoGo task used. Since
the RT deadline was calibrated and revised at an individual level, it inevitably led to a
comparable number of response errors between the two groups. This was also reported
already in previous studies using the same task and between-subjects experimental design
(Aarts & Pourtois, 2010; Aarts, Vanderhasselt, et al., 2013; Koban, Brass, Lynn, & Pourtois,
2012; Rigoni, Pourtois, & Brass, 2015; Walentowska, Moors, Paul, & Pourtois, 2016).
A novel but important result of our study is that, despite the balanced behavioural
performance between the two mood groups, the experience of joy did influence error
monitoring, in a component-specific way. While the ERN component was similar between
the groups (i.e. early error detection mechanisms remained impermeable to positive
mood), the Pe component was reliably diminished in the positive group compared to the
neutral group. This effect was visible at the scalp level using both standard
component/peak measurements, as well as a complementing topographical ERP mapping
analysis. Furthermore, using source localisation methods, we found that this effect was
likely caused by a decreased activation in a network comprising posterior cingulate and
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insular cortices. The contribution of these specific brain regions to the generation of the
Pe component was already shown previously (Dhar et al., 2011; M. J. Herrmann et al., 2004;
Mathewson et al., 2005; Van Veen & Carter, 2002). Several authors have put forward the
notion that the Pe component might reflect the processing of the motivational significance
of response errors (Leuthold & Sommer, 1999; O’Connell et al., 2007; Overbeek et al., 2005;
Ridderinkhof et al., 2009; Ullsperger et al., 2010). In this context, errors are considered as
salient events (because they are deviant and usually worse-than-expected events),
eliciting an “automatic” orienting response (Notebaert et al., 2009). This activates a
‘‘salience network’’, where the anterior insular cortex (and its reciprocal anatomical
connections with the ACC) plays a critical role (Inzlicht et al., 2015; Seeley et al., 2007;
Uddin, 2015; Ullsperger et al., 2010). For example, error monitoring was found to be
heightened at the Pe level selectively during placebo analgesia (Koban et al., 2012),
suggesting that this specific state likely increases the motivational significance of errors,
whereas positive mood appears to decrease it. In light of this evidence, we could tentatively
assume that the experience of joy or contentment could transiently decrease the othe rwise
heightened salience usually associated with error commission. Importantly, we can rule
out the possibility that this effect results from a dampened reaction to response errors in
positive, relative to neutral, participants in general. For one, post -error slowing, which is
thought to reflect an unspecific attention orienting to (deviant) response errors (Notebaert
et al., 2009), and is increased by (subjective) arousal (De Saedeleer & Pourtois, 2016), was
preserved in the positive mood group. Secondly, the ANS reaction to errors, as captured by
the SCR, was preserved in positive participants. Thirdly, when controlling statistically for
changes in SCL (tonic arousal) using an ANCOVA, the Pe component to response errors was
still found to be reliably stunted in the positive , compared to the neutral, mood group. We
conjecture therefore, that the experience of joy/contentment in adult healthy participants
likely alters the subjective evaluation of response errors (and more specifically, their
perceived salience), rather than the arousal or ANS reaction to them. When considering the
assumption of mood congruency effects (Rusting, 1998; Sharot et al., 2011; Tamir &
Robinson, 2007), it is possible that positive mood did shield participants from negative
(mood incongruent) information, such as response errors. This could be achieved by down 101
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regulating their salience or meaning (at the Pe level), and this way maintaining the
(pleasant) mood state experienced. Through this, positive mood could provide participants
with an adaptive mechanism that seeks to conserve the benefits with the positive mood,
which has been linked to building up additional resources, and protecting from the
experience of stress or negative affect (Fredrickson, 2004; Schwarz & Bless, 1991). In such
a state of joy or contentment, there is presumably no need to enhance or trigger alertness
in response to errors, since the surrounding environment is regarded as “safe”, resulting in
errors being stripped of their negative motivational significance or salience. However more
research is needed to support this assumption given our observed Pe effect arose in the
absence of any significant change at the behavioural level in the positive mood group, nor
is there direct evidence in current literature concerning a change in motivational or
emotional processing of errors in relation to positive mood. Exploring the use of priming
methods, meant to explore the motivational or emotional value of actions and errors (e.g.
see Aarts et al., 2012), might be valuable.
The observation of a component-specific effect during error monitoring triggered by
joy or contentment, at the Pe level, and the direction of this neurophysiological effect
(namely, a reduced Pe amplitude) is worth discussing further. Previous ERP studies have
already found decreased Pe amplitude during error monitoring in depression or trait related negative affect (Aarts, Vanderhasselt, et al., 2013; Alexopoulos et al., 2007; A. J.
Holmes & Pizzagalli, 2010; Olvet et al., 2010; Schrijvers et al., 2009; Schroder et al., 2013) .
These can be considered, although with some reservation given trait and state effects do
not always produce comparable changes in PM, as the opposite mood state compared to
the emotion (transiently) experienced in the positive mood group in this study. Whilst
puzzling, the similar neurophysiological effect found in both opposing mood states could
actually reflect different underlying processes, or mood-dependent alterations, in these
two cases. In the case of depression (and trait negative affect), a reduced Pe is often
interpreted as a reflection of an inability to timely adapt or change cognitive control
functions in response to negative events (or perhaps reflecting impairments to consciously
register them, see Frank, D’Lauro, & Curran, 2007; Hajcak, McDonald, & Simons, 2003b;
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Nieuwenhuis et al., 2001). However, this interpretation appears difficult to hold in the case
of positive mood and positive emotions given that they usually promote (but not
undermine) creativity, flexibility, and perhaps even augment cognitive control in specific
circumstances (Fredrickson, 2004; Nadler et al., 2010). Interestingly, our new findings are
also compatible with an earlier ERP study showing decreased Pe amplitude with relaxed
mood following a social meal (Sommer et al., 2013). This suggests that a reduced Pe with
positive affect (conceived as a state), could be observed across different contexts or task
settings. Our ERP results cast doubt on the assumption that a reduced Pe during error
monitoring necessarily denotes decreased cognitive control, and/or is a neurophysiological
landmark of negative affect. Similarly, the lack of a modulation of the ERN with positive
mood in our study is also informative, given that amplitude variations of this early error related component have often been linked to negative affect and internali sing traits or
disorders in the past (Hajcak et al., 2003b, 2004; Luu et al., 2000; Wiswede, Münte, Goschke,
et al., 2009). We previously reported an enhanced ERN amplitude in a positive mood state,
when errors were embedded in a reinforcement learning context (Bakic et al., 2014).
However, errors have likely acquired a different meaning than in the present case, where
they rather reflected attentional lapses or break down of impulse control. Hence, it appears
that positive mood is versatile and can produce different effects during error monitoring
depending on specific contextual or situational cues or task demands (Huntsinger, 2012).
It can either increase (at the ERN level) reward prediction error when errors serve as potent
learning signals (Bakic et al., 2014), or alternatively, lower their motivational significance
or salience (at the Pe level) when they provide clear challenges of self-efficacy, as found
in our current study.
Some limitations warrant comment. First, although LORETA is an empirically well
supported source localisation technique (Mulert et al., 2004; Pizzagalli et al., 2004;
Zumsteg, Friedman, Wennberg, & Wieser, 2005), the inverse solutions obtained should be
interpreted with caution because these mathematical reconstructions necessarily remain
imprecise and they suffer from a low spatial resolution. Second, because the Pe was
previously associated with error awareness (see Nieuwenhuis et al., 2001; Ullsperger et al.,
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2010), changes not only in error detection or monitoring, but also in error awareness as a
function of positive mood should be evaluated more systematically in the future. The
reduced Pe component found in the positive mood group in our study is unlikely to be
explained by a change in error awareness in this group however, because almost all (99%)
response errors are usually consciously detected by all participants in this speeded
Go/NoGo task (see Vocat et al., 2008), and a normal post-error adaptation was found in
both groups in the present case. Third, we observed a relatively large CRN component in
our study. However, this result was not unexpected, but very much in line with previous
ERP studies using the same speeded Go/NoGo task with a very strict time pressure and
updated RT deadline (Vocat et al., 2008). These conditions necessarily increased
uncertainty at the time of key press given that performance was based on both accuracy
and speed (Walentowska et al., 2016). It is known that enhanced uncertainty also increases
the CRN component (Coles et al., 2001; Falkenstein et al., 2000; Gehring et al., 1993). It
therefore remains to be seen whether effects of (positive) mood might also be observed
at the ERN level, where uncertainty (regarding accuracy and/or speed) is kept low. Finally,
although we tried to measure and control levels of arousal in the two mood groups,
subjective arousal was still larger after the MIP in the positive group compared to the
neutral control (despite the use of physical activity-related memories during guided
imagery in this latter group). Meanwhile the objective arousal (skin conductance as a
measure of automatic arousal) was comparable between the two groups. Although arou sal
is unlikely to explain the modulation of the Pe component with positive mood in our study
(see here above and results section), future studies are needed to assess the specific
contribution of (subjective and objective) arousal vs. valence (during the experience of a
specific mood state) to error monitoring brain functions.
In conclusion, our results show that an emotional state induced and characterised by
joy or contentment can reliably alter and presumably lower the motivational significance
or salience of response errors inadvertently committed during a speeded Go/NoGo task,
with effects visible at the Pe level selectively (as opposed to the preceding ERN/Ne
component that remained impermeable to these mood changes). This neurophysiological
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effect, which does not simply correspond to a stunted arousal reaction to errors with
positive mood, likely stems from a reduced activation in the anterior insula and posterior
cingulate cortex (as confirmed by complementing source localisation results). Both are
presumably involved in the processing of the salience of these worse -than-expected
events. We conclude that the transient experience of joy or contentment in healthy adult
participants does not merely interfere with cognitive control, inhibition, or automat ic error
detection (reflected by the ERN component, or concurrent changes in the SCR). Rather, it
appears these positive mood states enable an adaptive and mood-congruent change in the
brain, such that the (negative) meaning or impact of these unwanted eve nts is transiently
downplayed.
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4.

HAPPINESS & THE MOTIVATIONAL SIGNIFICANCE OF
RESPONSE ERRORS
Katharina Paul & Gilles Pourtois
Recent models in psychology suggest that error monitoring is a complex process

where the negative valence of errors is extracted automatically, before any underlying
motivational significance is processed. However, it remains unclear whether positive mood
can affect these processes. To address this question, we induced and compared happy and
neutral mood by means of guided imagery. Forty-eight participants were asked to complete
an evaluative-priming-task whereby actions were used as primes and emotional words set
as the targets. We focussed on the evaluative priming of actions (whereby response errors
acquired a negative value), as well as post-error-slowing (PES). Results showed that
positive mood did not alter the evaluative component of actions, as confirmed by Baye sfactors analyses. However, when considered together with arousal, we found that
happiness decreased PES and hence the motivational impact of errors. We discuss these
results in terms of specific attentional and motivational changes that occur with positi ve
mood during error monitoring.
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Introduction
Performance monitoring (PM) allows the swift detection of errors and is fundamental for
initiating goal-adaptive behaviour, avoiding the repetition of errors and their negative
consequences (Botvinick & Braver, 2015; Simons, 2010). Converging evidence suggests that
a sustained negative affect, such as anxiety or worry, dynamically influences PM, which has
been found to be overly sensitive in highly anxious individuals (Koban & Pourtois, 2014;
Olvet & Hajcak, 2008; Weinberg, Riesel, et al., 2012). By comparison, much less is known
about the modulatory effect of positive affect on PM. This gap in the literature is somewhat
surprising given that positive emotions have been assigned an important role in mental
health, emotional resilience and overall wellbeing (Cohn et al., 2009; Gloria & Steinhardt,
2016; Sheldon & King, 2001). In this study, we sought to assess if positive mood could affect
error monitoring, and if so, what aspects of PM are affected by it.
The influence of positive emotions on cognition is ubiquitous, it affects our level of
attention (Vanlessen et al., 2016), cognitive control (Chiew & Braver, 2014; Goschke & Bolte,
2014) and decision making (Blanchette & Richards, 2010; Isen, 2008). Recently, we
attempted to bring together and integrate these disparate findings into a coherent
framework (Pourtois et al., 2017) that could be used to generate and test new predictions.
We argued that positive mood might alter the balance between internal and external
information processing, such that the latter is increased at the expense of the former (see
also Fredrickson, 2001; Garland et al., 2010). This eventually yields the exploration of new
contingencies, rewards or opportunities in the environment and therefore maintains, and
even expands, the possible beneficial effects created by this specific mood state. A new
prediction deriving from this framework is that positive mood should decrease err or
monitoring, which is by definition based on the processing of internal motor cues and
affective signals. It should be noted that this hypothesis is not without foundation and is
reminiscent of older theoretical frameworks and models in psychology, where the notion
of mood as an information signal had been put forward repeatedly. Specifically, positive
mood can be conceived as utilizable embodied information, which influences attribution
and executive functions (Greifeneder, Bless, & Pham, 2011; Mitchell & Phillips, 2007;
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Schwarz, 2012; Schwarz & Clore, 2003). How these information signals carried by positive
mood affects error monitoring remains unclear however. For example, according to this
dominant framework, it is conceivable that positive mood might lower the otherwise
enhanced negative value of response errors, and/or their distinctive motivational
significance for behavioural adaptation. However, to the best of our knowledge, this
hypothesis has yet to be tested.
A new paradigm has been validated in the literature that allows us to measure at the
behavioural level these two processes (Aarts, De Houwer, et al., 2013; Aarts et al., 2012; De
Saedeleer & Pourtois, 2016). That being the rapid evaluation of response errors as negative
events, and the differential processing of their motivational significance. This paradigm
borrows the logic of evaluative priming (De Houwer, Teige-Mocigemba, Spruyt, & Moors,
2009; Fazio, 2001), where actions within a simple task serve as primes, while emotional
words embedded in a second task are used as targets. On each and every trial, participants
are first asked to perform a speeded Go/NoGo task whereby response errors are sometimes
inadvertently committed. These errors are then quickly followed 300 ms later with an
emotional word discrimination task where participants judge words as either positive or
negative as quickly as possible. A stringent response deadline is used and adjusted online
with this speeded Go/NoGo task to enable a large amount of response errors in the majority
of participants.
When focussing on the reaction time (RT) for correct decisions in the second emotion
word discrimination task, two separate effects relating to the PM in the first task can be
measured. First, a standard priming effect can be calculated and corresponds to the
facilitation of processing speed for congruent, compared to inco ngruent, trials. That is,
when the putative emotional value of the action in the first task and the valence of the
subsequent word in the second task match. For example, making an error with the first task
leads to a RT facilitation for discriminating negative words, and conversely for
discriminating positive words preceded by correct actions (Aarts, De Houwer, et al., 2013;
Aarts et al., 2012). The second insight into PM is shown by post-error-slowing (PES; Rabbitt,
1966), that reveals a systematic slowing of RT following making an error. Under this
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paradigm, PES is calculated by comparing the RT of correct emotion word discriminations
in the second task, irrespective of the valence of the word, after making an error compared
to making a correct response in the first task. PES is thought to reflect an attention
orienting to response errors, which are usually deviant or unexpected in the trial series
(Notebaert et al., 2009; Purcell & Kiani, 2016; Ullsperger & Danielmeier, 2016). On the other
hand, some have proposed that PES is itself a reflection of enhanced cognitive control
(Botvinick et al., 2001; Ridderinkhof, 2004). Using this specific paradigm, two dissociable
components of error monitoring can therefore be explored. Our main hypothesis was that
these PM components could be reduced when participants are in a positive, rather than
neutral mood, due to decreased internal monitoring (Pourtois et al., 2017). If positive mood
is a protective mechanism whereby negative or dissonant information such as response
errors are automatically downplayed (Fredrickson, 2001; Garland et al., 2010; Mayer et al.,
1992; Rusting, 1998; Schwarz & Bless, 1991), then evaluative priming for errors should be
reduced in this specific mood state. Furthermore, if errors lose their enhanced negative
value because of positive mood, then the automatic orienting to these events and/or the
need for enhanced cognitive control could be stunted, reflected by a smaller PES response.
To test this hypothesis, we used a previously validated mood induction procedure
(MIP) and a between-subjects design (Bakic et al., 2015, 2014; Paul & Pourtois, 2017; Paul
et al., 2017; Vanlessen et al., 2015, 2013, 2014). This MIP was based on guided imagery and
the use of subject-specific autobiographical memories (E. A. Holmes et al., 2008, 2006).
Participants were asked to relive an emotionally positive experience to increase subjective
levels of happiness and pleasantness. For the control condition, which we determined to
be a neutral mood, participants were asked to relive a past memory that was neutr al in
terms of emotional experience. The use of a between-subjects design allowed us to control
for unwanted carry-over effects from one specific mood state to another. Because the
elicitation of positive mood also increases arousal in this MIP (see Paul e t al., 2017 for an
extensive discussion of this issue), we also measured changes along this specific dimension
to assess the extent to which changes in PM following the MIP were related to positive
valence alone, or a blend of positive valence and increased arousal (Russell, 1980).
111

Happiness & Errors

Methods
Participants
Based on previous experiments using this specific MIP (Bakic et al., 2015, 2014;
Paul & Pourtois, 2017; Paul et al., 2017; Vanlessen et al., 2015, 2013, 2014) , we calculated
that a sample size of 20 participants per group was adequate to reliably identify mood related effects on cognition. A priori estimation of the required sample size was also
determined using G*power (Faul et al., 2007). Based on the effect of sustained negative
emotion (worry) on evaluative priming and PES (De Saedeleer & Pourtois 2016,

R² = 0.2025), G*power suggested a sample size of 48 participants (for a multiple
regression with a power of .80 and alpha of .05). Therefore, we aim ed to include 24
participants per group in the current study. 66 undergraduate students were tested, and
were randomly assigned to either the positive or neutral mood group. All participants were
right-handed native Dutch speakers with normal, or corrected-to-normal vision and did not
report any history of psychiatric or neurological disorders. The study was approved by the
local ethics committee and participants were compensated with €15. Around 25% of the
participants had to be later removed from the sample because they were considered
outliers based on task performance or MIP (see exact definition and criteria here below;
see also Aarts et al., 2013; DeSaedeleer and Pourtois, 2016 for similar rates). Ten
participants (6 in the positive mood group) were excluded because they did not produce
enough errors per condition (less than 7), making it impossible to reliably calculate
estimates of accuracy or RT. Furthermore, the data of four participants was subsequently
omitted as their RT in the word categorization task was above 2.5 SD of the mean in at
least one of the conditions. Three participants were also excluded as they encountered
problems with guided imagery, and one participant did not follow task instructions. As a
result, 24 participants in the neutral and 24 in the positive mood group were retained for
subsequent data analyses. These two groups were matched for gender distribution, age,
and trait worry using a Dutch version of the Penn State Worry Questionnaire (PSWQ; Meyer
et al., 1990): Positive group: M = 22.0 years, SD = 2.15, 16 females, M PSWQ = 42.25, SD = 14.69;
Neutral group: M = 21.92 years, SD = 2.43, 19 females, MPSWQ = 41.59 , SD = 9.61. It is worth
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noting that the two groups were matched based on worry as previous studies found that
trait worry led to decreased evaluative priming in this task (see Aarts et al., 2012; De
Saedeleer & Pourtois, 2016).

Mood Induction Procedure
We used a previously validated MIP to elicit either a positive or neutral mood, using
a between-subjects design (Bakic et al., 2015, 2014; Paul et al., 2017; Paul and Pourtois,
2017; Vanlessen et al., 2015, 2014, 2012). It is based on guided imagery (E. A. Holmes et al.,
2008, 2006) that capitalizes on the active remembering and re-experiencing of either a
neutral or very happy autobiographical memory to alter the current mood state
accordingly. The MIP was introduced as an exercise about memory abilities to keep
participants naïve about the actual purpose of the procedure (emotional re-experiencing).
Before using the MIP, all participants were trained in multisensory imagery using a
standard four-step exercise involving a lemon such as holding, cutting and smelling it (E.
A. Holmes et al., 2008, 2006). Following this exercise, participants had to select an
appropriate memory that happened at least a week ago, one that could be remembered in
specific detail, and that either made them feel very happy (positive group), or did not elicit
any specific emotion but was related to a physical activity (neutral group). For the neutral
mood group, we chose this specific instruction to balance as much as possible levels of
arousal induced by the MIP between the two groups (see Paul et. al, 2017 for a similar
procedure). Participants in the positive group mainly recalled social activities such as
parties with friends or family reunions, whereas for those in the neutral group, mundane
physical activities prevailed (see Table 4.1). During the MIP, participants were asked to keep
their eyes closed to imagine their chosen situation as vividly as possible for 30 seconds. To
ensure engagement and a detailed imagination from both groups, the experimenter would
ask precise questions about the sensations and details of the moment before getting the
participant to imagine the situation again for another 30 seconds (Holmes 2008, Watkins
2009). Following this, participants had to rate how well they could imagine the situation
from their own perspective on a scale from 1 to 5 (with 1 indicating not at all and 5
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indicating completely). This rating was used as a quick manipulation check to assess how
well participants could re-experience the desired memory with their mind´s eyes.
Table 4.1 Content of the reported memories. Participants in the neutral mood group focussed
mostly on ordinary physical activities (in line with the instructions), whereas those in the positive
mood group primarily recalled activities that included a social component.
Neutral Memories
House & Garden works
Grocery & Errands
Calm sports (Biking,
running, walking)
Working
Other

Positive Memories
35 %
25 %
21 %
12 %
8%

Social activity with friends
Holidays, Travelling
Activities with Family
Success
Romantic episode
Other

37 %
25 %
16 %
16 %
3%
3%

Changes in the current mood state were assessed using three visual analogue scales
(VAS) with a length of 20 cm anchored with “neutral” on the left end side and “as
happy/pleasant/sad as I can imagine” on the right end side. Moreover, participants
indicated their subjective arousal with the nonverbal Self-Assessment Manikin (Bradley &
Lang, 1994). All ratings were presented once before the first MIP, then one after every
subsequent rehearsal of the MIP. The MIP was repeated five times during the experiment,
each followed by one block of the main experimental task.

Experimental task
Participants performed a validated dual task (Aarts, De Houwer, et al., 2013; Aarts et
al., 2012; De Saedeleer & Pourtois, 2016), in which every trial combined a speeded Go/NoGo
task (Vocat et al., 2008) with a visual word discrimination task (see Figure 4.1). In this way,
correct and incorrect actions in the Go/NoGo task served as a prime for the upcoming word
evaluation, in which participants had to categorize the presented word as either positive
or negative as quickly, and as accurately, as possible. Different effectors were used for
these two tasks.
Go/NoGo task. Each trial started with a fixation cross (500 ms) before a black arrow,
pointing either upwards or downwards (1000-2000 ms), appeared. This arrow then
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changed colour to either green or turquoise, whilst keeping or changing its orie ntation. The
Go-Trial, which accounted for two thirds of all trials, required participants to respond with
their left index finger on a response box if the arrow turned green but kept its orientation.
In any other situation, participants had to refrain from responding, this was the NoGo-Trial
and accounted for one third of all trials. The target remained on the screen until a
participant response was detected or if 1500 ms had elapsed, followed by a short blank
screen (300 ms).
To increase the likelihood of errors on the NoGo-trials, participants were encouraged
to respond fast by using an individually calibrated threshold that categorised online all
correct Go-trials arbitrarily into Fast Hits and Slow Hits (see Vocat et al., 2008). These Fast
and Slow Hits corresponded to RTs below and above an arbitrary response deadline
respectively. Unbeknownst to participants, the RT deadlines were calculated in separate
calibration blocks (n=3) and then used for the following two experimental blocks. For the
first two testing blocks, participants had to respond faster than 70 % of the mean RT
estimated during the calibration. For the subsequent blocks, the upper limit was raised to
80 % to accommodate overall changes in RT speed throughout the experiment.
Word Evaluation task. A single target word was shown on the screen from a list
containing 30 negative and 30 positive words. The word persisted for 3000 ms or until
participants categorised it as either positive or negative by pressing with the index or
middle finger of the right hand. Response mapping was counterbalanced between subjects.
Finally, participants were given feedback on their performance in both tasks on -screen,
with a Dutch word for correct (“goed”), wrong (“fout”) or too slow (“te traag”) shown in
either red or green font.
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Figure 4.1. Schematic representation of the experimental task with an example of a congruent (top)
and incongruent (bottom) trial. Congruency here refers to the link between the value of the action
made with the Go/NoGo task (correct vs. incorrect) and the emotion word to be evaluated afterwards
(positive vs. negative).

Procedure
Participants underwent 24 practice trials (16 Go-trials, 8 NoGo-trials) before starting
the experiment consisting of one baseline mood assessment, three calibration blocks (28
trials, 20 Go-trials, 8 NoGo-trials) and five testing blocks (87 trials each, 58 Go-trials, 29
NoGo-trials). A very short break in between blocks was given. The first two calibration
blocks were followed by two testing blocks, while the last calibration preceded only one
final testing block. Before each testing block, the MIP and mood assessment was conducted
(see Figure 4.2). All stimuli were presented on a 17 inch laptop against a white background
using Eprime 2.0.10 (Psychology Software Tools Inc., Sharpsburg, PA). The entire experiment
took 95 minutes.

Figure 4.2. Overview of the experimental procedure. Participants first got acquainted with the task,
followed by a baseline assessment of the current mood state. Afterwards participants were trained
with a four-step, guided exercise before starting the mood induction procedure. Directly after the
MIP, changes in the mood state were assessed and participants began the experimental task. The
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mood induction and ratings were repeated four times in total, with participants completing an
experimental task in between (composed of the calibration and experimen tal blocks).

Data preparation & analysis
Data preparation. Response errors (False Alarms, FAs) with the two NoGo-trial types
(either colour or orientation) were collapsed, whereas only FH (and hence not Slow Hits)
were used as comparison (see also Aarts et al., 2012; Aarts and Pourtois, 2010; De Saedeleer
and Pourtois, 2016; Paul et al., 2017). Trials of the Go/NoGo task with RTs shorter than
150 ms or longer than 500 ms were excluded (see Aarts et al., 2012; DeSaedeleer and
Pourtois, 2016). This exclusion criteria resulted in 6.42 % FAs and 3.99 % FHs being removed.
For the evaluative categorization task, only correct responses were retained and analysed.
Trials were also excluded if RTs were 2.5 SD above or below the mean RT computed per
condition (Negative words: 3.79 %, Positive words: 4.05 %).
Statistical analyses. For all analyses, the significance alpha cutoff was set to .05.
Statistical analysis was carried out in JASP (0.8.2., Jasp Team 2017). Post-hoc tests were
analysed in SPSS (22, IBM statistics). Expected, although insignificant, group effects in the
conventional parametric analyses were followed up by Bayesian statistics and
implemented in JASP with the recommended standard settings and priors, to ascertain
statistical evidence in favour of the null hypothesis.

MIP . To control if the MIP successfully increased positive mood, a mixed -model
analysis of variance (ANOVA) was used with MOOD (positive vs. neu tral) as a betweensubjects factor and TIME (six MIP ratings) as a within-subject factor, and were used
separately for all four assessments (happiness, pleasantness, sadness, and arousal).

Go/NoGo task . Due to the individual calibration of the RT limits no group differences
were expected for this task. Nevertheless, accuracy and RTs were analysed separately using
mixed-model ANOVA. MOOD was used as a between-subjects factor and ACTION (FH or FA)
as a within-subject factor.
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Evaluative categorization task . RTs7 were analysed using a mixed-model ANOVA, with
MOOD as a between-subjects factor and the WORD VALENCE of the target (either positive
or negative) and the ACTION TYPE in the Go/NoGo Task (FH or FA) as a within -subject factors.
Using this model, a significant interaction between ACTION TYPE and WORD VALENCE usually
translates priming, whereas the significant main effect of ACTION TYPE captures PES. To
further investigate effects of mood on priming and/or PES, a stepwise multiple regression
was used separately for PES. In other words, the difference calculated by comparing the RT
of the word discriminations (irrespective of the valence of the word) following an error
(FA) against correct responses (FH). Stepwise multiple regression was also used on the
priming effect by comparing the RT difference between incongruent action -word pairs (i.e.
False Alarms/positives and Fast Hits/negatives) and congruent action -word pairs (i.e. False
Alarms/negatives and Fast Hits/positives). The regression coefficients included the mean
reported levels of happiness and arousal after the MIP and the PSQW scores.

Results
Manipulation Check
We found a significant interaction between TIME and MOOD for ratings of happiness,
pleasantness and arousal, but not for sadness (happiness: F (5,

η² = 0.16; pleasantness: F(5,

230)

230)

= 9.393, p < .001,

= 3.994, p = .002, η² = 0.076; arousal: F(5,

p < .001, η² = 0.084; sadness: F(5,

230)

230)

= 4.348,

= 1.104, p = .359, η² = 0.022). Follow-up contrasts

showed that there were no significant group differences for mood ratings at baseline (all

ps bonf > .074). After the MIP, the positive compared to the neutral mood group showed
increased levels for happiness, pleasantness and arousal at all successive time points
( psbonf < .005), see Figure 4.3. Hence the MIP effectively increased levels of positive affect,
in the positive mood group selectively.

7

We focused on RTs and not accuracy that was very high across all conditions (93%) (see also De
Saedeleer and Pourtois, 2016).
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Figure 4.3. Mean mood ratings at baseline (BL) and after the mood induction (MI 1 – MI 5 for each
repetition) separately for the two mood groups (positive/neutral). Although comparable at BL,
participants in the positive mood group reported higher levels of happiness, pleasantness and
arousal but not sadness after the mood induction and each subsequent repetition throughout the
task. Error bars represent ± 2 SEM.

Go/NoGo Task
Participants made significantly more FHs ( M = 85.56, SD = 34.12) than errors
( M = 46.46, SD = 21.83; as shown by a significant main effect of ACTION: F(1, 46) = 52.065,

p < .001, η² = 0.529, without any modulation by MOOD, F(1, 46) = 0.442, p = .509, η² = 0.004.
The main effect of MOOD was not significant either, F(1, 46) = 0.009, p = .924, η² < 0.001.
Participants responded faster to FHs ( M = 246.9 ms, SD = 24.53) than errors ( M = 263.7 ms,

SD = 24.53; as shown by a significant main effect ACTION, F(1,

46)

= 35.239, p < .001,

η² = 0.418, and MOOD did not alter this effect, F(1, 46) = 3.132, p = .083, η² = 0.037. The main
effect of MOOD was not significant either, F(1,

46)

= 0.371, p = .546, η² = 0.008. Hence,

(positive) mood did not influence performance on the Go/NoGo task.

Evaluative Categorization Task

Priming Effect . A test of normality (Shapiro-Wilk) showed that RT data were not
normally distributed. Accordingly, we log-transformed them first and performed statistical
analysis subsequently. The ANOVA performed on the mean RTs revealed a significant
interaction between ACTION TYPE and WORD VALENCE, F(1, 46) = 41.348, p < .001, η² = 0.473,
in agreement with the evaluative priming of actions. Post-hoc comparisons indicated that
after errors, negative words were categorised faster than positive words ( p bonf < .001),
while the opposite pattern was found after FHs ( pbonf = .037), see Figure 4.4. However,
MOOD did not influence this interaction effect, Fs < 0.301, ps > .583, η²s < 0.007. To confirm
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the presence of a non-significant effect of mood (null hypothesis), we ran a Bayes factor
analysis, using a mixed-model ANOVA. We simplified the analysis by including the main
effect of MOOD and the interaction of ACTION TYPE and WORD VALENCE (and the
corresponding main effects) into the null model. The likelihood for each model including
MOOD decreased dramatically (BF10 < 0.26), indicating substantial to very strong evidence
for the null hypothesis, i.e. that mood group did not influence priming.
Next, a stepwise multiple regression was conducted to evaluate whether reported
level of happiness, arousal or worry (or all of them) obtained at the subject -specific level
provided significant predictors of this priming effect. Hence, we considered mood as a
continuous variable in this model. When happiness was entered alone into the regression
equation, it was not related to the priming effect, F(1, 46) = 0.154, p = 0.697, Radj² = -0.018,
and adding arousal or PSWQ ratings did not change this result, F(2, 45) = 0.104, p = 0.902,

Radj² = -0.040 and F(3,

44)

= 0.267, p = 0.849, Radj ² = -0.049. These results were further

confirmed by the Bayesian Linear Regression, which showed anecdotal to strong evidence
against the influence of any of these predictors on priming (BF10 < 0.368).

Figure 4.4. Results of the evaluative categorization task. Upper Panel: Mean RTs for correct emotion
word discriminations as a function of prime type (either FAs or FHs) and word valence (either

120

Results - Chapter 4
Negative or Positive words), separately for neutral (left) and positive mood (right). Lower Panel:
Index of PES (i.e., difference in RT after FAs vs. FHs, irrespective of word valence) and Priming Effect
(i.e., RT difference between congruent action-word pairs (FA/negative and FH/positive) and
incongruent action-word pairs (FA/positive and FH/negative)), separated into neutral (left) and
positive mood (right). Error bars represent ± 2 SEM. The RT was larger after FAs than FHs, i n
agreement with PES. After FAs, negative words were evaluated faster than positive words, with a
reverse effect found following FHs. The two groups did not differ from each other in these two
indices of error processing.

PES . The ANOVA revealed a significant main effect of ACTION TYPE, F(1, 46) = 52.60,
p < .001, η² = 0.532, unambiguously translating PES, see Figure 4.4. Mood did not influence
PES, F(1, 46) = 0.301, p = .583, η² = 0.003. These results were further substantiated by the
Bayes factor analysis, showing that the model including MOOD and ACCURACY was roughly
four times less likely (BF10 = 0.26) than the restricted null model, indicating substantial
evidence against the influence of (positive) mood on PES.
Next, a stepwise multiple regression was conducted with ratings of happiness,
arousal and trait worry as regressors to predict PES. When happiness was entered alone
into the regression equation, it was not related to PES, F (1,

46)

= 0.649, p = 0.425,

Radj² = -0.008. However and importantly, when entered together with the reported arousal
levels, the regression model was significant, F(2, 45) = 3.871, p = .028, Radj ² = 0.109. More
specifically, while happiness ratings were negatively associated with PES, sta ndardised

β = -0.47, t (47) = -2.455, p = 0.018, arousal ratings were positively related to it, standardised
β = 0.507, t(47) = -2.647, p = 0.011, see Figure 4.5. Adding the PSWQ scores did not increase
the quality of the model, F(3,

44)

= 2.527, p = 0.070, Radj² = 0.089. The supplementary

Bayesian Linear Regression strengthened these findings, revealing evidence for the
combined influence of happiness and arousal on PES (BF10 = 2.068), but not for any other
predictor alone or combination of predictors (BF10 < 0.837).
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Figure 4.5. Results (PES) of the linear regression: (Left panel) A significant negative relationship
was found between PES and reported levels of happiness, when controlling for arousal levels. In
the case of arousal (Right panel), there was a significant positive relationship with the PES.

Discussion
The aim of the current study was to investigate if positive mood could decrease error
monitoring (Pourtois et al., 2017), and if so, whether the evaluative and/or motivational
component of this process could be altered. To this end, we combined a standard ised MIP
based on guided imagery with an experimental procedure suited to measure these two
components of error monitoring at the behavioural level. Although our study was
sufficiently powered, with positive mood being reliably induced and priming, as well as a
clearly obtained PES with the elected paradigm, we actually failed to find systematic
modulatory effects of this specific mood state on error monitoring. As a notable exception
to these null findings, we found that the PES was reduced if, and only if, subjective levels
of arousal were considered concurrently. We will therefore discuss the possible
implications of these new findings in greater detail.
It is important to note that we could replicate two PM effects, confirming that the
paradigm was adequate to measure this process at the behavioural level. First, a reliable
action-based priming effect was established, showing that participants categorised
negative words faster than positive words after response errors. A symmetrical effect was
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also found after correct actions, indicating that actions were probably automatically
marked and processed as positive (if correct) or negative (if incorrect; Aarts et al., 2013,
2012; DeSaedeleer and Pourtois, 2016). The second PM effect was a strong PES effect,
revealing slower RTs after incorrect, rather than correct, actions (Laming, 1979; Rabbitt,
1966). This suggests that response errors were not only evaluated as negative, but they
were also processed as distinctive attentional or motivational events.
When positive mood was considered as a between-subjects variable it did not change
priming, nor PES. Furthermore, for each of these two components we reported additional
statistical evidence using a modern Bayesian framework against the presence of a
modulation by positive mood. However, when considered as a continuous variable, positive
mood was found to leave priming unaffected and decreased PES specifically, giving rise to
the distinctive motivational significance of, or orienting response to, response errors.
Intriguingly, this modulatory effect of positive mood on PES was significant if, and only if,
levels of arousal were considered and modelled concurrently. Based on this, arousal was
seen to increase PES. Altogether, these results suggest that positive mood did not change
the rapid evaluative processing of actions (as good or bad), but, in combination with
arousal, it transiently decreased the heightened motivational salience of response errors.
The decrease of the motivational/adaptive component of PM (i.e. PES) brought about
by positive mood is in line with previous studies reporting smaller conflict -driven
adaptation with positive affect (Kazén & Kuhl, 2005; Kuhl & Kazén, 1999; Schuch & Koch,
2015; van Steenbergen, Band, & Hommel, 2010; Van Steenbergen, Band, & Hommel, 2009) ,
as well as neurophysiological studies reporting a reduced subjective error awareness, or
diminished motivational impact of errors, when positive mood is elicited and maintained
(Paul et al., 2017; Sommer et al., 2013). Nevertheless, the functional significance of PES is
still a matter of discussion in the existing literature (Danielmeier & Ullsperger, 2011). It is
difficult to determine whether motivation, attention or cognitive control is changed during
error monitoring as a function of positive mood. Initially, PES was interpreted as reflecting
enhanced cognitive control upon an error, namely to prevent its re-occurrence in a near
future (Botvinick et al., 2001). PES has also been interpreted as reflecting selective motor
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inhibition following making an error (Ridderinkhof, 2002). Other theories have challenged
the adaptive function of PES (Hajcak & Simons, 2008; Rabbitt & Rodgers, 1977), and recently
PES has been related to an unspecific orienting response (Notebaert et al., 2009; Sokolov,
1960), given that response errors are typically deviant in trial series. Accordingly, it could
be concluded that positive mood could decrease PES via changes in salience or motivation,
or attention (orienting response), as opposed to PM or error monitoring directly (Pourtois
et al., 2017). Notably, although it is currently unclear how positive mood actually changes
PES, our observations are consistent with older models in psychology where positive mood
is usually conceived as an important source of information for the organism. These models
suggest that positive mood downplays the need to exert effort, attention, cognitive control
following errors, as these events probably do not challenge or jeopardize the benefits
associated with positive mood (Bohner, Chaiken, & Hunyadi, 1994; Fredrickson, 1998, 2001;
Schwarz, 1990; Schwarz & Bless, 1991). We speculate that this might provide an important
mechanism through which positive mood is maintained over time , including in an
environment or context where the agent is confronted with frequent response errors that
challenge self-efficacy, which is usually perceived as threatening.
It should be noted that arousal itself showed the opposite pattern on PES, which grew
as this affective dimension increased at a subjective level in our study. Interestingly, De
Saedeleer & Pourtois (2016) previously found that when conceived as a trait, arousal
augmented PES and indicated a possible link between tonic levels and phasic changes in
arousal following a response error such as changes in heart rate, pupil diameter, skin
conductance or alpha power (Carp and Compton, 2009; Hajcak et al., 2003; Wessel et al.,
2016), and this was probably captured indirectly by this index. It should be noted that
arousal was measured via the pictorial self-assessment manikin (Bradley & Lang, 1994)
through which body state changes, such as wakefulness and excitement, were captured,
rather than via physiological measurements of arousal.
The antagonistic effects of positive mood and arousal on PES indirectly suggests that
even though these two affective dimensions strongly correlate with one another ( r = .69),
they are likely to exert changes on cognition (specifically on error processing) by means of
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partly independent processes and non-overlapping brain mechanisms, when considered
together (Colibazzi et al., 2010; Lewis, Critchley, Rotshtein, & Dolan, 2006). As a matter of
fact, valence refers to the hedonic tone of an experience, whereas arousal describes the
corresponding physical activation (Barrett & Russell, 1999; Russell, 1980). Therefore, under
this framework, the observation of opposing effects of emotional arousal and valence on
PES is not unexpected. In the context of executive control, similar independent effects of
these two dimensions were already reported in past literature. Kuhbandner & Zehetleitner
(2011) noted that, while positive valence decreased conflict adaptation, arousal increased
the level of distraction brought on by salient unrelated events. Given that PES might reflect
a combination of increased cognitive control and (re)orienting to salient events, as
response errors certainly are (Danielmeier & Ullsperger, 2011), our new results further this
understanding by showing that multiple affective processes, such as positive mood and
arousal, can influence PES concurrently, even in opposing directions.
It should also be noted that this latter effect was found in the absence of changes by
positive mood in the evaluative component of PM. The lack of modulation by positive mood
was confirmed by a Bayesian analysis and could not be imputed simply to a lack of power
for example. As such, we failed to find evidence of shielding by positive mood whereby
response errors would not be swiftly categorised as negative events in this mood state
and/or fast hits would be preferentially processed as positive or rewarding (Fredrickson,
2001; Garland et al., 2010; Mayer et al., 1992; Rusting, 1998; Schwarz & Bless, 1991) .
Presumably, assigning either a positive or a negative value to self-generated actions is a
highly automatic, and perhaps an even a partly isolated process (Koban & Pourtois, 2014),
especially when considering the simple actions performed here (devoid of learn ing) with
the elected speeded Go/NoGo task. This stability and automaticity in turn allows this
process to work rapidly and efficiently, which is a pre-requisite to foster goal adaptive
behaviour. In line with this assumption, a previous study failed to identify a systematic
change in the evaluative component of PM by state worry, whilst these changes were
detected for trait worry (De Saedeleer & Pourtois, 2016). This could be tentatively
considered as the opposite affective state compared to the positive mood state induced
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and maintained in the present study. Furthermore, earlier neurophysiological results
already showed that the automatic detection of errors was not changed by positive mood
(Paul et al., 2017; Sommer et al., 2013). Thus, positive mood does not alter the rapid
evaluative processing of actions as good or bad (priming), but appears to selectively
decrease the enhanced salience of response errors (PES) when arousal is considered
concurrently, bearing in mind that this latter affective dimension simultaneously increased
it. We tentatively contend that this latter effect might be explained by the information
brought to the organism by positive mood. Decreasing the impact, and hence adaptation,
following response errors might help preserve the beneficial effects associated with
positive mood. Although arousal works the other way around and helps to increase their
salience, this might reflect that less attention and/or cognitive control is temporarily
allocated to these worse-than-expected events.
Some limitations need to be addressed. As the current study did not include any
biophysiological assessment of arousal, some caution is needed in the interpretation of
the PES as being modulated or enhanced by arousal. In this context, complementing
subjective reports with dedicated peripheral measurements, such as skin conductance or
heart rate, should strengthen the theory that PES is reliably modulated by arousal .
Secondly, and due to practical limitations, the current study only included a positive and
neutral mood manipulation. Hence, categorical effects were created and explored. Yet as
our new results suggest, effects of positive mood on error monitoring (PES) were evidenced
when considering it as a continuous variable together with arousal. Accordingly, a better
understanding of positive mood effects on error monitoring could probably be obtained in
future studies by fine-tuning the MIP, as well as seeking to better orthogonalize valence
and arousal. In this context, it would be extremely valuable to compare effects of positive
vs. negative mood on error monitoring while carefully balancing out arousal, the latter one
achieved by the induction of either anger (E. Harmon-Jones & Harmon-Jones, 2016) or
disgust for example.
In conclusion, the present study sheds new light on modulatory effects of positive
mood on error monitoring. As our results suggest, positive mood does not merely decrease
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internal monitoring of actions and more specifically response errors, generically or
uniformly. Instead, positive mood appears to decrease their enhanced motivational
significance (or the automatic attention orienting response to them) selectively at the PES
level; the opposite effect is shown with arousal. This suggests that multiple affective
influences can shape error processing. More generally, our results suggest that arousal
aside, positive mood can change error monitoring, and this is likely via modulation of
specific attentional or motivational processes. Clarifying which one best account s for the
changes in error monitoring at the PES level with positive mood seen in the present study
remains an important question for future studies.
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5. MOOD CONGRUENT TUNING OF REWARD
EXPECTATION IN POSITIVE MOOD: EVIDENCE FROM FRN
AND THETA MODULATIONS 8
Katharina Paul & Gilles Pourtois
Positive mood broadens attention and builds additional mental resources. However,
its effect on performance monitoring and reward prediction errors remain unclear. To
examine this issue, we used a standard mood induction procedure (based on guided
imagery) and asked 45 participants to complete a gambling task suited to study reward
prediction errors by means of the feedback related negativity (FRN) and fronto-medial
theta band power (FMθ). Participants in positive mood, relative to a neutral mood
condition, showed a larger FRN for no-reward feedback as well as a lacking modulation of
FMθ power for expectancy, but only for reward feedback. A control analysis showed that
this latter result could not be explained by the mere superposition of the ERP component
on the FMθ oscillations. Moreover, these neurophysiological effects were evidenced in the
absence of impairments at the behavioural level or increased autonomic arousal with
positive mood, suggesting that this mood state reliably altered brain mechanisms of
reward prediction errors during performance monitoring. We interpret these new results
as reflecting a genuine mood congruency effect, whereby reward is anticipated as the
default outcome with positive mood and therefore processed as unsurprising (even when
it is unlikely), while no-reward feedback is perceived as unexpected.

8

Based on Paul, K., & Pourtois, G. (2017). Mood congruent tuning of reward expectation in positive mood:
evidence from FRN and theta modulations. Social Cognitive and Affective Neuroscience, 12(5), 765 –774.

130

Introduction - Chapter 5

Introduction
Performance monitoring (PM) is responsible for detecting mismatches between
actions and goals, and the swift updating of expectations in order to foster goal-adaptive
behaviour (Botvinick & Braver, 2015). Converging evidence suggests that negative affect
profoundly influences PM brain mechanisms (Koban & Pourtois, 2014; Weinberg, Klein, &
Hajcak, 2012) but modulatory effects of positive affect have not been scrutinised yet. This
literature gap is somewhat surprising given that positive psychology has been
acknowledged as an important research domain (Csikszentmihalyi, 1999; Seligman et al.,
2005; Sheldon & King, 2001). Moreover, previous research already showed the compelling
influence of positive affect on attention (Vanlessen et al., 2016), cognitive control (Chiew
& Braver, 2014; Goschke & Bolte, 2014) and decision making (Blanchette & Richards, 2010;
Isen, 2008). Accordingly, in this study, we set out to assess whether positive mood could
influence PM brain mechanisms.
Effects of positive mood on cognition have usually been explained using two different
theoretical frameworks. Within the “mood as distractor” model, positive mood is viewed as
potent distractor, occupying mental resources, like attention (Dreisbach & Goschke, 2004;
Olivers & Nieuwenhuis, 2006). This is supported by the adaptive significance of affect,
wherein positive mood signals a benign environment and a creative and heuristic
processing style is promoted, while the use of analytical processing styles is reduced
(Bohner et al., 1994; Fredrickson, 2001; Schwarz, 1990). By comparison, within the “mood as
information” model, positive mood is conceived as an utilizable embodied information in
itself, which differentially influences attribution and executive functions (Mitchell &
Phillips, 2007; Schwarz & Clore, 2003). A well-established finding of this motivational
account is the observation of “mood congruency effects”: (external) emotional information
congruent with the current mood state draws attention and gets processed preferentially
(Mayer et al., 1992; Rusting, 1998), which impacts expectations about future events
(Loewenstein & Lerner, 2003). Recently, Eldar et al., (2016) extended this model and
conceived mood as a “representation of momentum”, where positive mood is thought to
arise from the interaction between high reward expectations and experiencing better than
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expected events. Hence, within the “mood as information” framework, positive mood is a
potent motivational drive that can shape reward expectations specifically, as opposed to
being associated with unspecific detrimental effects on cognition and attention. Even
though previous studies have already shown that participants in positive mood tend to
overestimate/underestimate the likelihood of positive/negative events (Mayer et al., 1992;
Sharot et al., 2011; Wright & Bower, 1992), research on positive emotions and PM is scant
and inconclusive, as the focus was on traits indirectly associated with positive affect, like
extraversion (A. J. Cooper et al., 2014; Smillie et al., 2011), behavioural approach motivation
(Bress & Hajcak, 2013; Lange et al., 2012) or hypomania (Mason, O’Sullivan, Bentall, et al.,
2012; Mason, O’Sullivan, Blackburn, et al., 2012). Noteworthy, no study to date has
systematically explored possible changes in reward expectation brain mechanisms as a
function of positive mood. The goal of the current study was to fill this gap.
At the electrophysiological level, reward processing can be investigated by means of
the feedback-related negativity (FRN), an event-related brain potential (ERP) time locked
to the onset of evaluative feedback during PM. The FRN is a negative deflection peaking at
around 250- 300 ms at fronto-central electrodes with larger amplitudes for negative
compared to positive feedback, especially if unexpected, making this ERP component a
standard measure of reward prediction errors (RPE; Holroyd & Coles, 2002; Sambrook &
Goslin, 2015; Ullsperger, Danielmeier, et al., 2014; M. M. Walsh & Anderson, 2012) . More
recently, fronto-medial theta activity (4–8 Hz, FMθ) has been put forward as a
complementary marker of RPE and cognitive control (Cavanagh, Figueroa, et al., 2012;
Cavanagh et al., 2010; Cavanagh & Shackman, 2015; Cohen et al., 2007; Mas -Herrero & MarcoPallarés, 2014; Osinsky et al., 2016). Time-frequency decompositions enable capturing trial
by trial fluctuations varying in phase that a standard ERP averaging technique cannot
measure, and hence provide additional information regarding PM brain mechan isms (Cohen
& Donner, 2013).
In this study, we capitalised on these two well-established electrophysiological
markers of RPE (i.e., FRN and FMθ oscillations) to explore the nature and extent of changes
brought about by positive mood during reward processing under conditions varying in
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reward probability (and hence expectation). To this aim, we directly induced either a
positive or neutral mood state by means of guided imagery (E. A. Holmes et al., 2008,
2006), a mood induction procedure (MIP) validated in our laboratory before (Bakic et al.,
2015, 2014; Paul et al., 2017; Vanlessen et al., 2015, 2013, 2014). Participants performed a
previously used gambling task (Hajcak et al., 2005), which allowed us to manipulate reward
expectancy by controlling its probability independently of performance, while 64-channels
EEG was recorded concurrently.
In an auxiliary analysis, we also assessed whether positive mood could influence
reward anticipation, besides reward consumption (at the FRN and FMθ levels). To this aim,
we analysed the contingent negative variation (CNV) time -locked to cue onset, as well as
the stimulus preceding negativity (SPN) in anticipation of feedback delivery, as these two
ERP components have been previously related to reward anticipation (Broyd et al., 2012;
Chwilla & Brunia, 1991; B. K. Novak, Novak, Lynam, & Foti, 2016; K. D. Novak & Foti, 2015;
Pornpattananangkul & Nusslock, 2015).
Based on the two different frameworks outlined here above, different predictions
were derived. If positive mood signals a safe environment and enhances distractibility, then
it should impair reward processing generically (i.e., regardless of reward probability and
expectancy), leading in turn to blunted FRN/FMθ responses to any feedback. By comparison,
if positive mood is accompanied by specific motivational changes and increases reward
expectancy, we surmised that it could lead to enhanced RPE signals (FRN and FMθ activity,
see Holroyd and Coles, 2002; Cavanagh and Shackman, 2015) for negative feedback and/or
decrease RPE signals for positive feedback, compared to a control condition with a neutral
mood state.

Methods
Participants
Fifty undergraduate students (right-handed, corrected-to-normal vision, no history of
psychiatric disorders), gave written informed consent and were compensated with €30. The
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study was approved by the local ethics committee. Participants were randomly assigned to
either a positive or neutral mood induction. One participant did not complete the
experiment due to sickness and four participants had to be excluded due to technical
problems during data acquisition. Hence, 23 participants in the neutral and 22 in the
positive mood group were included, matched for gender and age ( MPositive = 22.3 years,

SD = 2.81, 15 females; M Neutral = 21.2 years, SD = 1.85, 18 females). This sample size was similar
to previous studies using the same MIP and between-subjects experimental designs (Bakic
et al., 2015, 2014; Paul et al., 2017; Vanlessen et al., 2015, 2013, 2014) .

Mood Induction
A validated MIP was used and detailed description can be found elsewhere (Bakic et
al., 2015, 2014; Paul et al., 2017; Vanlessen et al., 2013, 2014) . In short, either positive or
neutral mood was induced by means of an imagery procedure, fostering vivid imagination
and re-experiencing of a positive/happy or neutral memory (E. A. Holmes et al., 2008,
2006). Current mood state was checked with three visual analogue scales anchored with
“neutral” and “ as happy/pleasant/sad as I can imagine ”. Subjective arousal was assessed
with the Self-Assessment Manikin (Bradley & Lang, 1994).
Table 5.1 Content of the reported memories.
Neutral Memories
House & garden works
Sport (Gym, running, ballet..)
Commuting
Working
Groceries
House & garden works

Positive Memories
28 %
29 %
18 %
11 %
10 %
28 %

Social activity with friends
Holidays, Travelling
Activities with Family
Experiencing success
Pet
Romantic episode

33 %
26 %
19 %
12 %
9%
7%

Task
A previously used gambling task was adapted and administered (Hajcak et al., 2007),
see Figure 5.1. On every trial, participants chose one of four doors by pressing with their
right index finger the corresponding key on the response box. After a fixation dot (700 ms)
this choice was followed by either positive reward feedback (green “+”), indicating a win
of 8 cents, or (negative) no-reward feedback (red “o”; 1000 ms). At the beginning of each
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trial participants were informed about their winning chances with a cue (600 ms), followed
by a fixation dot (1500 ms). The cue was presented in the form of a small circle. Either one,
two or three quarters were filled (black/white) announcing a winning likelihood of 25, 50
or 75 %. Feedback was only related to these three objective reward probabilities, ending
up with a pre-set winning of €14.72. To ensure participants paid attention to the cue and
outcome, they were asked within 24 trials about their winning chance (“How many doors
do contain a prize?”), and in 24 different trials about the expectedness of the feedback,
answered on a visual analogue scale (anchored with “very unexpected” to “very expected”).
All stimuli were shown against a grey background on a 21-in CRT screen and executed using
E-Prime (V 2.0, Psychology Software Tools Inc., Sharpsburg, PA).

Figure 5.1. Overview of the task and trial structure: At the beginning of each trial, participants were
informed about their winning chances (black or white part of the circle, 25, 50 or 75%). After they
picked one door, they received either positive moneta ry rewarding or negative (no-reward)
feedback. Additionally, in 13% of the trials participants had to rate their winning chances or/and the
expectedness of the given feedback by means of extra probes/questions.

Procedure
Participants started with instructions and twelve practice trials. Five minutes of
resting state with closed eyes were recorded before and after the first MIP as a baseline
for the electro-dermal activity (EDA). The experiment consisted of four blocks of 92 trials.
The three cue types were presented randomly, while there were 80 trials with medium and
144 trials with either low or high winning chance, respectively. Each block was interrupted
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by a short break. After each block, participants were informed about their current winning
and the MIP was repeated.

Recording and Preprocessing of Electrophysiological Data
EEG

was

recorded

using

a

64-channel

Biosemi

Active

Two

system

(http://www.biosemi.com) with four additional electrodes measuring eye movements. EEG
was sampled at 512 Hz and referenced to the Common Mode Sense active electrode Driven
Right Leg passive electrodes. The EEG was pre-processed offline with EEGLAB 13.5.4b
(Delorme & Makeig, 2004), implemented in Matlab R2013b, and included a 0.05/35 Hz
high/low pass filter, re-referencing to the mastoids and FASTER guided automatic ICA
component rejection (with a threshold of ± 3 SD, Nolan, Whelan, & Reilly, 2010). Individual
epochs were extracted -900 to 1600 ms around the feedback onset and baseline corrected
(-250 to 0 ms). A semi-automatic artefact correction procedure was applied to eliminate
trials with voltage values exceeding ± 90 µV or slow voltage drifts with a stronger slope
than ± 90 µV as well as based on visual inspection. For each subject separately, the EEG
data corresponding to six conditions were extracted: Expected, no expectations and
unexpected feedback (FB), separately for reward and no-reward FB. To account for different
signal to noise ratios, only a similar (randomly sampled) number of trials of the expected
conditions was used ( MPositive = 31.9, SD = 3.97; M Neutral = 33.9, SD = 2.70). The FRN was
quantified at Fz as the difference between the most negative peak (within 140 - 300 ms)
and the average voltage of the preceding and following positive peaks, to control for
possible confounding effects of the overlapping positive components (i.e., P2 prior to and
P3 following the negative component), as suggested by previous ERP studies (Chase,
Swainson, Durham, Benham, & Cools, 2011; Oliveira, McDonald, & Goodman, 2007; Sallet et
al., 2013; N. Yeung, 2004). We also used two alternative scoring methods for the FRN. Either
it was defined as a mean amplitude between 230 and 280 ms post FB onset, or as the
difference between the most negative peak (N200) and the preceding positive peak (P200).
This later approach was applied to reduce the possible contribution of the following P3
component.
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Time frequency analysis was done using EEGLAB built-in std_ersps() function (3.5 to
24.5 cycles, 3 to 35 Hz (100 log-spaced frequencies), 200 time points per epoch). The time
interval -500 to -200 ms before FB onset was used for baseline correction. FMθ band power
activity (4 - 8 Hz) was defined as the mean within 200 – 400 ms at Fz. The electrode Fz
was chosen based on the local maximum of the mean voltage (200-300 ms, Fz and FCz)
and the mean FMθ power (200-400 ms, Fz); see Figure 5.4E and Figure 5.5B.
EDA was recorded continuously with a sampling rate of 512 Hz via two bipolar
electrodes attached to the volar surface of the distal phalanges of the left index and middle
finger. EDA was analysed using Ledalab V.343 (Benedek & Kaernbach, 2010a, 2010b).
Preprocessing included (8-point Gaussian) smoothing, 5 Hz low-pass Butterworth filter and
visual inspection (interpolations: MPositive = 9.89 %, SD = 11.45; M Neutral = 7.91 %, SD = 11.07).
Tonic skin conductance level (SCL) for each resting and task block was extracted. Phasic
skin conductance responses (SCR) was quantified within 1 to 3 s after FB onset (minimum
amplitude 0.05 µS; Boucsein et al., 2012). Finally individual data were standardised using a
log(1+x) transformation (Venables & Christie, 1980).

Data Analysis
For all analyses, significance alpha cut-off was 0.05. To check for the efficiency of the
MIP, a mixed model ANOVA with MOOD (positive vs. neutral) as between-subjects factor and
TIME (6 ratings) as within-subject factor was used, separately for all four mood
assessments and SCL.
Behavioural performance was quantified by analysing reaction time (RT) and
exploration pattern. To measure exploration, we used an autocorrelation function of the
trial-by-trial time series (Derrick & Thomas, 2004; Pacheco & Newell, 2015), analysing the
value of the first and the number of significant lags (until the 25th), where an auto correlation value close to zero indicates a random distribution. Evaluations of the FB
expectancy along the continuous scale were first transformed to percentages, arbitrarily
setting one anchor (“very unexpected”) to 0 and the other one (“very expected”) to 100.
These evaluations were considered correct if the given rating fell within a ± 25 % range
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around the correct chance. We used this rather liberal criterion given the continuous scale,
the small number of ratings collected per participant and condition, and since they
primarily served to increase attention/processing of both the cue and the feedback.
Accuracy of feedback and cue evaluation, RTs and exploration were compared between
groups by means of independent sample t-tests.
For both EEG measurements and SCR separately, we used a mixed-model ANOVA with
MOOD as between-subjects factor and FB EXPECTANCY (expected, no expectations,
unexpected) and FB VALENCE (reward vs. no-reward) as within-subject factor.

Results
Manipulation Checks
There was a significant interaction between TIME and MOOD for all ratings, except
sadness, F (5,

215)

= .98, p = .83, η² = .006; happiness: F(5,

215)

= 14.43, p ≤ .001, η² = .23;

pleasantness: F(5, 215) = 14.10, p ≤.001, . η² = .22; arousal: F (5, 215) = 6.764, p = .001, η² = .14.
Follow-up contrasts showed that there were no significant group differences for mood
ratings at baseline (all ps ≥ .06). After the MIP, the positive compared to the neutral mood
group showed increased levels for happiness, pleasantness and arousal (all p s ≤ .004), see
Figure 5.2.

Figure 5.2. Manipulation checks: mood ratings and SCL shown separately for the positive and neutral
mood group as a function of time, including two resting state blocks (R1, R2) and four task bl ocks
(T1–T4). After the first MIP (R2), participants in the positive mood group reported higher levels of
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happiness, pleasantness and arousal, while SCL increased for both groups. This increase remained
stable over the task (from T1 to T4).

EDA results
For the SCL analysis, a significant main effect of TIME was found, F(5,

p ≤ 0.001, η² = .39, similarly in both MOOD groups, F(5,

156)

156)

= 25.36,

= .687, p=.64, η²= .010. SCL

increased after the first MIP and remained on a higher level compared to the basel ine for
both groups ( M Resting Baseline = 2.94 µS, SD = 0.35, M Resting after MIP = 3.09 µS, SD = 0.36), see
Figure 5.2. The auxiliary SCR analysis revealed only a significant main effect of FB
EXPECTANCY, F(2, 86) = 42.1, p ≤ .001, η² = .33. Other Fs ≤ 2.89, ps ≥ .10, η² ≤ .063. The SCR was
stronger for unexpected compared to expected FB ( p ≤ .001), and for no-expectation
compared to expected FB ( p ≤ .001), irrespective of FB valence ( MUnexpected = 65.9 µS,

SD = 17.79, MNo-expectations = 63.78 µS, SD = 15.0, M Expected = 43.0 µS, SD = 21.5).
Behavioural Results
Participants of both groups were equally fast in choice behaviour, t(43) = 0.39, p = .70,

d = 0.12 (MPositive = 732 ms, SD = 305, MNeutral = 701 ms, SD = 223) and showed a comparable
exploration pattern (autocorrelation: t(43) = .44, p = .66, d = 0.13; MPositive = -0.01, SD = 0.18,

M Neutral = 0.13, SD = 0.23; number of lags: t (4) = 0.98, p = .33, d = 0.29, MPositive= 2.45, SD = 1.22,
M Neutral = 3.56, SD = 5.17). Participants of both groups did not differ in their accuracy for the
cue (catch trials), t (43) = 0.023, p = .98, d ≤ 0.01 ( M Positive = 21.8, SD = 1.00, M Neutral= 21.8,

SD = 1.30) or for the outcome, t(43) = 1.77, p = .08, d = 0.53 (MPositive = 17.5, SD = 3.74, MNeutral =
15.1, SD = 5.11).

Electrophysiological Results
The analysis of the FRN amplitudes showed a significant main effect of EXPECTANCY,

F(2, 86) = 11.14, p ≤ .001, η² = .037, and VALENCE, F (1, 43) = 40.01, p ≤ .001, η² = .32. The FRN
component was larger for no-reward compared to reward FB ( p ≤ .001) and unexpected
compared to both expected ( p ≤ .001) and no-expectation FB ( p ≤ .001). The significant
interaction between these two factors, F (2, 86) = 4.01, p = .022, η² = .010, showed that the
difference of unexpected and expected FB was only significant for no-reward FB ( p ≤ .001),
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but not for reward FB ( p = .14). Importantly, there was also a significant interaction
between FB VALENCE and MOOD, F (1, 43) = 4.58, p = .041, η² = .032. Participants in the positive
mood group differentiated more between reward and no-reward FB (irrespective of
expectancy) than the neutral mood group, t(43) = 2.11, p = .041, d = 0.63. The two groups did
not differ from one another in their response to reward ( p = .38, d = 0.26) or no-reward FB
( p = .15, d = 0.61), but the effect sizes indicated that the interaction effect was mainly
driven by a stronger response to no-reward FB in the positive mood group, see Figure 5.3
and Figure 5.4.
When using mean amplitudes to quantify the FRN, the analysis showed a significant
main effect of EXPECTANCY, F(2, 86) = 4.38, p = .015, η² = .091, VALENCE, F(1, 43) = 207.1, p < .001,

η² = .82, while the interaction between VALENCE and MOOD did not reach significance, F(2,
86)

= 1.51, p = .23, η² = .006. However, given the morphology of the feedback locked ERP

data, the use of mean amplitudes did not capture systematic changes occurring at the level
of the FRN selectively, unlike peak-to-peak measurements (see Sallet et al., 2013 for a
discussion). Moreover, using a peak (P2)-to-peak (N200) approach, the main effect of FB
EXPECTANCY, F(2, 86) = 16.1, p < .001, η² = .27, VALENCE, F(1, 43) = 52.7, p < .001, η² = .52, and the
interaction between the VALENCE and MOOD, F(2,

86)

= 5.81, p = .02, η² = .06, were all

significant, paralleling the statistical outcome evidenced using the peak -to-average-peak
method.

Figure 5.3. Electrophysiological Results. Overview of mean FRN amplitudes (left panel) and mean
FMθ power (right panel) (± standard error of the mean) at electrode Fz, separately for each group
and each condition.
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Figure 5.4. FRN results. Grand averages feedback-locked ERP waveforms at Fz shown according to
significant main effects and interactions. (A) The FRN amplitude was substantially larger for no reward than for reward FB. (B) Unexpected FB led to a larger FRN component than expected FB. (C)
The sensitivity of the FRN to expectancy was the most pronounced for no -reward FB. (D) The FRN
component of participants in the positive mood group differentiated better between no-reward and
reward FB than in the neutral mood group. This effect was mostly explained by a stronger response
to no-reward FB in the positive compared to the neutral mood group. (E) Topographical maps
(horizontal view) of the FRN valence effect showing the mean activity during the 200–300 ms post
feedback onset interval, separately for both mood groups, and confirming a predominant fronto central scalp distribution for this ERP component.

The analysis performed on FMθ power showed a significant main effect of
EXPECTANCY, F(2, 86) = 6.43, p = .002, η² = .033, VALENCE, F(1, 43) = 75.54, p ≤ .001, η² = .34, and
their interaction, F(2, 86) = 4.69, p = .012, η² = .015. Moreover, each interaction term with
MOOD reached statistical significance: MOOD and EXPECTANCY, F(2,

86)

= 4.40, p = .015,

η² = .023, MOOD and VALENCE, F(1, 43) = 7.12, p = .011, η² = .032, and the three-way interaction,
F(2, 86) = 3.16, p = .047, η² = .010. To gain insight into this latter effect, two mixed-model
ANOVAs were calculated separately for each group. While participants in the positive mood
group showed a significant interaction of FB EXPECTANCY and VALENCE, F(2,44) = 6.75,

p = .003, η² = .066, participants in the neutral group did not, F(2, 42) = .585, p = .56, η² ≤ .001;
only the two main effects were significant in the neutral group (EXPECTANCY: F(2, 44) = 12.77,

p ≤ .001, η² = .19; VALENCE: F(1, 22) = 27.31, p ≤ .001, η² = .28), see Figure 5.3. Similar to the
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FRN results, FMθ power was stronger in response to no-reward compared to reward FB ( p
≤ .001), and unexpected compared to both expected ( p = .002) and no-expectation FB
( p = .021). Interestingly, participants in the positive mood group did not differentiate
between expected and unexpected reward FB ( p = .057), although they did so for no-reward
FB (p = .035), while neutral participants showed this pattern for both reward ( p = .010) and
no-reward FB ( p = .001), see Figure 5.5. Furthermore, direct statistical testing confirmed a
balanced FMθ power response to expected reward feedback between the two mood groups
( p = .93), while the only significant group difference was found for unexpected reward
feedback, where FMθ power was blunted for the positive mood group ( p = .002). Moreover
this altered RPE effect was related to the current mood state of the participant, r(45) = -.40,

p = .006, but not to the arousal level, r (45) = -.26, p = .085, see Figure 5.6., although these
two correlations were not significantly different from each other ( z = 0.99, p = .32). To
confirm that mood, but not simply arousal, influenced this RPE effect, we also calculated a
partial correlation between the mood state and the RPE effect controlling for arousal,
revealing a similar significant result, r(42) = -.33, p = .031. The correlation between arousal
and the RPE effect was non-significant when controlling for the mood state, r(42) = -.067,

p = .67.

Figure 5.5. FMθ power results. (A) The difference in FMθ power increase for unexpected minus
expected FB at Fz is shown separately for reward and no-reward FB, and for the neutral (first row)
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and the positive mood group (second row). While neutral participants showed a stronger theta
response for unexpected than expected FB irrespective of their valence, participants in positive
mood showed this pattern for no-reward FB only, with a clear alteration of this expectancy effect
for reward FB. (B) Topographical maps of the FMθ power (difference between no-reward and reward
FB) showing the mean power during the 200-400 ms post feedback onset interval, separately for
both mood groups. This topography clearly confirmed a predominant fronto -central scalp
distribution for this FMθ power effect, being reliably larger for participants in positive than neutral
mood.

Figure 5.6. Significant correlation between FMθ power effect for reward FB and levels of happy mood
(as computed across all participants). In agreement with the significant three way interaction, the
higher levels of positive mood, the lower the difference in FMθ power between unexpected and
expected reward FB.

Discussion
To explore modulatory effects of positive mood on performance moni toring and
reward prediction errors, we induced either a positive or a neutral mood using guided
imagery, while participants performed a gambling task and 64-channels EEG (as well as
EDA) were recorded concurrently. This task enabled to manipulate feedback valence and
expectancy in a factorial design. Using adequate EEG methods (FRN and FMθ levels), this
allowed to assess whether positive mood either blurred RPE during performance
monitoring, or instead created compelling mood congruency effects. Our new
neurophysiological results clearly lend support to the latter hypothesis, showing moo drelated modulations of the FRN component and FMθ response: relative to a neutral mood
group, participants in positive mood showed larger FRN amplitudes selectively for no reward FB (as if negative feedback was always deemed as “unexpected”), while FMθ results
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indicated an altered RPE signal to (objectively) unexpected reward FB (as if positive mood
transformed unexpected reward to an expected event). Remarkably, this effect correlated
with the individual level of positive mood, suggesting its pivotal role therein. Moreover, by
disentangling the evoked from the induced component of the FMθ activity, i.e. removing
the influence of the ERP signal from the frequency spectra, we could demonstrate that this
was not explained by the mere superposition of the ERP component on these oscillations.
Importantly, this effect was evidenced in the absence of obvious differences at the
behavioural level or the physical arousal (SCL), ruling out the possibility that it was caused
by uncontrolled changes in attention or involvement in the task.
To the best of our knowledge, our neurophysiological results are the first to show
that positive mood does not simply create distraction during PM, but dynamically changes
reward processing in a condition specific manner. Previous ERP studies explored effects of
positive mood on PM, with a focus on error-related ERP components, with some
inconsistent results however (Bakic et al., 2014; Larson et al., 2006; Paul et al., 2017; van
Wouwe et al., 2011). By comparison, no study to date showed a reliable effect of positive
affect on PM when it is based on the use of external information and hence the FRN
component (Bakic et al., 2014; Riepl, Mussel, Osinsky, & Hewig, 2016). This apparent
discrepancy between our results and these earlier studies likely stems from
methodological differences and the specific cognitive process assumed to be changed by
positive mood. While these earlier studies primarily sought to show modulatory effects of
positive mood on PM using complex tasks, here we examined effects of positive mood on
reward expectancy, using a simpler task devoid of any learning or social component.
Our new results show that positive mood alters phasic and dopaminergic dependent
reward prediction error signals (at the FRN and FMθ levels), which are instrumental to
(de)code the degree of mismatch between the actual and expected outcome (Holroyd &
Coles, 2002; Sambrook & Goslin, 2015; Schultz, 2015; Schultz et al., 1997; Ullsperger,
Danielmeier, et al., 2014; M. M. Walsh & Anderson, 2012). The stronger FRN response for noreward FB in the positive mood group suggests that no-reward FB was always –
irrespective of the objective likelihood – coded as more unexpected, unambiguously
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translating a mood (in)congruent effect. Interestingly, FMθ results complement this by
revealing a clear decrease for (objectively) unexpected reward FB, indicating that a positive
outcome was probably expected a priori and hence not surprising in this mood group. Both
results fit with previous research on mood congruent expectations (Eldar et al., 2016;
Loewenstein & Lerner, 2003; Mayer et al., 1992; Sharot et al., 2011), but they extend it
substantially by revealing for the first time which neurophysiological mechanism (i.e., RPE)
might be responsible for these behavioural effects. Furthermore, auxiliary analyses
performed on anticipatory processes during reward processing ( focussing on the CNV and
SPN components) confirmed the assumption that positive mood dynamically changes
reward expectation, creating in turn a strong bias in favour of reward delivery. This
conclusion was supported by the observation of an enhanced CNV activity in positive mood
for cases associated with a high reward probability, as well as the subsequent abnormal
processing of reward uncertainty at the SPN level in this specific mood state. Because these
neurophysiological effects were observed in the absence of differences at the behavioural
level (e.g., reward probability ratings), they suggest a dynamic change of reward
expectations with positive mood state.
Our new EEG results confirm that although FRN and FMθ power covary tightly, they
can be dissociated (Cavanagh et al., 2010; Cavanagh, Zambrano-Vazquez, & Allen, 2012;
Cohen et al., 2007), especially when effects of positive mood are considered. While the FRN
seems more sensitive to negative RPE, i.e. worse than expected outcomes, FMθ power is
rather linked to unsigned RPE in general (Hajihosseini & Holroyd, 2013; Osinsky et al., 2016).
Accordingly, depending on which electrophysiological marker is considered, different
results could be found. Consistent with these earlier studies, here we found that positive
mood mostly influenced negative RPE at the FRN level, while it altered reward expectation
at the FMθ level.
Some limitations warrant comment. As reported in a similar study (see Paul et al.,
2016), we found again a dissociation between arousal at the subjective and the tonic
activity (SCL). Participants reported to feel more aroused, but SCL were mat ched. Although
it remains difficult to exclude that arousal contributed to the reported neurophysiological
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effects, there are some indicators that these changes are driven by mood instead. First,
albeit SCL increased after the MIP compared to baseline, confirming that this measure was
sensitive to capture changes in terms of autonomic arousal, it remained comparable
between the two mood groups through the task. Also participants of both groups did show
a stronger SCR to unexpected than expected outcomes, reflecting an orienting reaction
(Barry, MacDonald, & Rushby, 2011; Nieuwenhuis, De Geus, & Aston-Jones, 2011; Siddle,
Remington, & Churchill, 1984). Second, we found a relation between reported levels of
happiness and the change in RPE for positive feedback in FMθ activity, while we failed to
evidence a relationship with (subjective) arousal. More generally, we believe that this
discrepancy between subjective and objective arousal might stem from the different
assessment methods for these two measures (see also Paul et al., 2016). While the
subjective ratings were performed immediately after the MIP, SCL was defined as the mean
activity throughout the task. It has been shown previously that the induced arousal, but
not valence, decreases over time (Gomez et al., 2009). Therefore, a certain amount of
activation is likely to be necessary to yield the expected change in positive mood. Be cause
subjective reports of arousal and mood were strongly correlated in our study, it remained
difficult to isolate the specific contribution of subjective arousal to the observed
neurophysiological effects. Although we used a specific MIP meant to balanc e levels of
arousal in the two mood groups (using physical activity-related memories during guided
imagery for the neutral group), subjective arousal was still larger after the MIP in the
positive compared to the neutral mood group. Therefore, we recommend using a similar
experimental procedure in future studies, but with negative valence and enhanced
subjective arousal as control mood condition (such as created by state anxiety for
example), to assess which specific emotional component (either arousal or v alence, or
perhaps a blend of both) accounts best for changes in RPE signals with positive mood. A
second caveat relates to the fact that we did not observe systematic changes in the actual
expectation of reward at the subjective level with positive mood (see results for catch
trials), whereas RPE brain signals were clearly influenced by this specific mood state. This
dissociation could be explained by the fact that these catch trials probed the “objective”
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probability of reward (based on the cue and feedback information), but were not suited to
assess subtle changes in its mood dependent subjective valuation.
To sum up, the present neurophysiological results unequivocally add support to the
assumption that positive mood carries important information for the organism, whereby
negative feedback is perceived as a mood incongruent event (FRN results). Moreover,
because reward is the default mode somehow with positive mood, when it is unexpected,
it is not surprising nonetheless (FMθ). More generally, these new findings show that phasic
RPE signals can be shaped by the specific mood state of the participant, with dissociable
effects found for the FRN and FMθ activity as a function of positive mood.
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Supplementary analyses
Induced vs. evoked FMθ power
In an auxiliary analysis we also assessed the contribution of the non-phase locked
EEG component to these FMθ band results. To this aim, we separated the total power into
induced power (i.e., not phase locked, by removing the ERP of the single trial before
applying the time frequency decomposition) and evoked power (i.e., phase locked, by
removing induced from total power) and ran the same mixed model ANOVA as before. Most
of the total power (85.68 %, SD = 60.49) was identified as being non-phase locked.
Although the three way interaction of VALENCE, EXPECTANCY and MOOD did not reach
significance for the statistical analysis on the induced power, it showed a similar effect
size relative to the total power. Accordingly, this supplementary analysis revealed that FMθ
power captured a somewhat different effect of positive mood on reward processing than
what was evidenced using a standard ERP data analysis (focussing on the FRN).
Supplementary Table 5.1. The statistical analysis performed on induced, evoked and total FMθ power
and the FRN component.
Total Power

Induced Power

Evoked Power

FRN

Expectancy

F (2, 86) = 6.75, p = .002,
η² = .033*

F (2, 86) = 7.69,
p < .001, η² = .059*

F (2, 86) = 0.063, p = .94,
η² = .005

F (2, 86) = 11.14, p <.001,
η² = .037*

Mood ×
Expectancy

F (2, 86) = 4.78, p = .011,
η² = .024*

F (2, 86) = 2.74,
p = .070, η² = .021

F (2, 86) = 1.97, p = .15,
η² = .008

F (2, 86) = 0.39, p = .68,
η² = .001

Valence

F (1, 43) = 83.3, p < .001,
η² = .35*

F (1, 43) = 33.79, p <.001,
η² = .11*

F (1, 43) = 77.4, p < .001,
η² = .44*

F (1, 43) = 40.01, p <.001,
η² = .32*

Mood ×
Valence

F (1, 43) = 7.91, p = .007,

F (1, 43) = 33.8, p < .001,

F (1, 43) = 2.37, p = 1.30,

F (1, 43) = 4.58, p = .041,

η² = .033*

η² = .027*

η² = .013

η² = .037*

Valence ×
Expectancy

F (2, 86) = 4.76, p = .011,
η² = .016*

F (2, 86) = 2.67,
p = .075, η² = .017

F (2, 86) = 1.79, p = .17,
η² = .017

F (2, 86) = 4.01, p = .022,
η² = .010*

Mood ×
Valence ×
Expectancy
Mood

F (2, 86) = 3.21, p = .045,
η² = .011*

F (2, 86) = 3.17, p = .143,
η² = .013

F (2, 86) = 1.45, p = .24,
η² = .013

F (2, 86) = 0.64, p = .53,
η² = .002

F (1, 43) = 0.08, p = .78,
η² = .99

F (1, 43) = 0.23, p = .64,
η² = .99

F (1, 43) = 0.085, p = .77,
η² = .99

F (1, 43) = 0.32, p = .57,
η² = .99
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Supplementary Figure 5.1. Comparing Phase-locked and Non-phase-locked theta activity (electrode
Fz, neutral participants). Induced power (middle column) represents the non -phase locked power
(revealed by removing the ERP component systematically before time frequency decomposition),
while evoked power (right column) shows the pure phase-locked component (by removing induced
from total power – left column).

Different Markers of PM
In the context of PM not only the FRN/RewP component or FMθ activity are studied,
but slower oscillations as well. This include the P300 component and activity in the delta
band (1-4 Hz). These are mainly sensitive to the salience of rewards (Bernat, Nelson, &
Baskin-Sommers, 2015; Kreussel et al., 2012; Leicht et al., 2013; Sato et al., 2005). To provide
a complete picture we applied the same analyses on these components. The P300
component was quantified at Pz as the mean amplitude between 300 and 400 ms after FB,
and delta band power activity (0.8 – 3.9 Hz) as the mean amplitude within 200-400 ms at
a set of parietal sites (CPz, CP1, CP2, CP3, CP4) (see Gheza, De Raedt, et al., 2018 for identical
definitions). We ran the same mixed model ANOVAs as before with the within-subjects
factors feedback VALENCE, feedback EXPECTANCY, and MOOD as between-subjects factors.
P300. The ANOVA showed a significant main effect of feedback VALENCE, F(1,43) = 25.58,

p < .001, η² = .34, and EXPECTANCY, F(1,35) = 12.72, p < .001, η² = .23. No other effects were
significant, all Fs ≤ 1.54, ps ≥ .63, η²s ≤ .03. The P300 component was larger for reward
compared to no-reward feedback ( p < .001), unexpected compared to expected feedback
( p < .001), no-expectation compared to expected FB ( p < .001), while no-expectation and
unexpected FB did not differ from each other ( p = .054).
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Supplementary Figure 5.2. Mean P300 amplitudes (300-400 ms) at Pz (± standard error of the
mean). The P300 component was substantially larger for reward and unexpected feedback.

Delta. The ANOVA showed a significant main effect of VALENCE, F (1,43) = 23.48, p < .001,

η² = .35, and EXPECTANCY, F(2, 86) = 17.74, p < .001, η² = .29. No other effects were significant,
all Fs ≤ 1.46, ps ≥ .24, η²s ≤ .098. Delta activity was larger for reward compared to no reward ( p < .001), unexpected compared to expected ( p < .001) and no-expectation FB
( p < .001), while the last one did not differ from each other ( p = .30).

Supplementary Figure 5.3. Delta power results. (A) The main effects of feedback valence (left inset),
and expectancy (right) are presented separately for each mood group. Delta response was stronger
for reward and unexpected feedback.

Reward anticipation
The CNV component was defined as the mean amplitude (at electrodes FCz, Cz, Fz, Fc3,
Fc4) in the 1000 to 2000 ms time interval following cue onset, relative to a 300 ms precue
baseline interval. The SPN component was extracted at the same (fronto -central) electrode
positions during the 200 ms time period prior to feedback onset (relative to the -500 to 200 ms interval before response onset and used as baseline). For each of these two ERP
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components separately, a mixed-model ANOVA with MOOD as between-subjects factor and
the within-subject factors ELECTRODE position and REWARD PROBABILITY (low, medium or
high) was used.
For the CNV component, the analysis showed a significant main effect of ELECTRODE
position, F (2,

86)

= 3.40, p = .010, η² = .073, indicating the largest amplitude (i.e., most

negative) at FCz, and a significant interaction of MOOD and REWARD PROBABILITY, F(2,
86)

= 3.23, p = .045, η² = .070. Participants in the positive mood group showed a

significantly larger CNV in response to the high reward probability cue than participants in
the neutral mood group ( p = .043). This was not the case for the two other reward
probabilities ( p ≥ .29). Furthermore, while there was no significant difference between the
three reward probabilities in the positive mood group ( p ≥ .40). Neutral participants
showed a trend significant reduction of the CNV following the high rewa rd probability
compared to the medium ( p = .11) or low one ( p = .055).
For the SPN component, a significant main effect of ELECTRODE was found,
86) =

F(2,

9.18, p ≤ .001, η² = .18, showing that it was more pronounced at lateral sites (FC3, FC4)

compared to central electrodes along the midline. The interaction between MOOD and
REWARD PROBABILITY was also significant, F(2, 86) = 4.70, p = .012, η² = .094. Participants in
the positive mood group showed a larger SPN for the medium reward probability compared
to participants in the neutral mood group ( p = .033). This was not the case for the low and
high reward probabilities ( p ≥ .69). Furthermore, while neutral participants showed a clear
reduction of the SPN for the medium reward probability compared to the high ( p = .005)
or low one ( p = .012), participants in the positive mood group showed a similar SPN across
these three conditions ( ps ≥ .18). Therefore, positive mood also influenced reward
anticipation (besides reward consumption at the FRN and FMθ band levels), both cuerelated (CNV) and immediately prior to reward delivery (SPN), once the selection of the
door had already occurred and the result of this choice was about to be revealed by the
feedback, see Supplementary Figure 5.4. Interestingly, these results were consistent with
a distortion of (high) reward expectancy (CNV) or the uncertainty related to reward delivery
(SPN) with happy mood, hence with the expression of a genuine mood congruency effect,
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as opposed to the mere blurring or generic reduction of reward anticipation occurring with
this specific mood state.

Supplementary Figure 5.4. Anticipatory ERPs: ERPs and mean amplitudes (± 1 SE) are shown
separately for the three anticipation cues. For both ERPs, the CNV (1000-2000 ms after the cue) and
the SPN (200 ms prior to the FB), participants in happy mood did not show any modulation in
response to the different reward probabilities, while participants in the control condition did.
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6.

DISSOCIABLE EFFECTS OF REWARD MAGNITUDE ON
FRONTO-MEDIAL THETA AND FRN9
Katharina Paul, Eliana Vassena, Mario Carlo Severo & Gilles Pourtois
Reward processing is influenced by reward magnitude, as shown by changes in

amplitude of the Feedback Related Negativity (FRN) and reward positivity (RewP), or power
of fronto-medial theta (FMθ), in previous EEG studies. However, it remains unclear whether
these changes are driven by increased reward sensitivity or altered reward predictions, or
a combination of these effects. To address this question, we asked 40 participants to
perform a simple gambling task where feedback valence (reward vs. no -reward), its
magnitude (small vs. large reward) and expectancy (expected vs. unexpected) were
manipulated in a factorial design, while 64-channel EEG was recorded concurrently. We
performed standard ERP analyses (FRN and RewP), as well as time -frequency
decompositions (FMθ) of feedback-locked EEG data. Subjective reports showed that large
rewards were more liked and expected than small ones. At the EEG level, increasing
magnitude led to a larger RewP irrespective of expectancy, whereas the FRN was not
influenced by this manipulation. In comparison, FMθ power was overall increased when
reward magnitude was large, except if it was unexpected. These results show dissociable
effects of reward magnitude on the RewP and FMθ power. Further, they suggest that
although large reward magnitude boosts reward processing (RewP), it can interfere with
reward expectations or the need for enhanced cognitive control (FMθ). We discuss these
new results in terms of optimistic bias or positive mood resulting from increasing
temporarily reward magnitude.

9

Based on Paul K., Vassena, E., Severo, M.C., Pourtois G. (2019). Dissociable Effects of Reward Magnitude
on Fronto-Medial Theta And FRN during Performance Monitoring. In preparation
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Introduction
There is a long research tradition on how humans perceive, process and pursue
externals rewards, like a delicious meal, a comforting social interactio n or a simple
monetary compensation. Because rewards are valuable sources of pleasure, its prospect
motivates to seek it, with effects visible during the anticipation and prediction of reward
(K. C. Berridge, Robinson, & Aldridge, 2009). If a reward is predicted but eventually not
achieved (i.e., reward prediction error), this deviation is swiftly processed and fuels
reinforcement learning (Holroyd & Coles, 2002; Schultz, 2015; Sutton & Barto, 1998). Reward
processing is therefore not only determined by the valence of the outcome, but also by
contextual factors, including expectations. Reward magnitude is another source of
contextual modulation during reward processing (for a review see Sambrook & Goslin,
2015). Neuroeconomics studies showed that both reward probability and magnitude shape
reward processing via the so-called expected value (Glimcher, Camerer, Fehr, & Poldrack,
2009). Consider two simple gambles where the probability of winning is constant (e.g.
25%), but reward is either small (1 €) or large (10 €). In both cases, a different expected
value is generated, namely 0.25 € in the small reward condition (25% × 1 €), and 2.5 € in
the large one (25% × 10 €). Hence, the expected value translates the integration of
expectation with magnitude. As a result, reward prediction errors scale with the expected
value, whereby if a large reward is expected but not met, the neural proces sing of this
deviation is stronger than if this reward is small (Rolls, McCabe, & Redoute, 2008; Tobler,
Fiorillo, & Schultz, 2005). However, at the electrophysiological level, discrepant results have
been reported regarding amplitude modulation of specific ERP components as a function
of reward magnitude (for an overview of existing EEG studies, see Table 6.1). Moreover,
when amplitude changes were reported, it often remained unclear if they occurred because
reward expectation, or adjustment in cognitive control more generally (or perhaps both),
was altered by reward magnitude.
Reward processing has been studied extensively in the past using the event related
brain potentials (ERPs) method, and more specifically the feedback-related negativity
(FRN) or alternatively, the reward positivity (RewP) component. The FRN (Holroyd & Coles,
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2002; Miltner et al., 1997; Ullsperger, Fischer, et al., 2014; M. M. Walsh & Anderson, 2012) is
a phasic negative ERP component peaking around 250 ms after evaluative feedback onset
at fronto-central sites. The FRN’s amplitude is the largest for negative (compared to
positive outcomes), and for worse-than-expected outcomes, i.e., unexpected no-reward
feedback although reward was expected; two properties which have led several authors to
link it to reinforcement learning (Holroyd & Coles, 2002; Sambrook & Goslin, 2015; San
Martín, 2012; Ullsperger, Danielmeier, et al., 2014; M. M. Walsh & Anderson, 2012). However,
the sensitivity of the FRN to either reward or expectancy (or their combined effect) has
been questioned, and more recently, the RewP component has been put forward in the ERP
literature as an alternative electrophysiological marker of reward processing (Holroyd et
al., 2008; Proudfit, 2015) . Although the FRN and the RewP components have overlapping
time-courses, they can be dissociated from each other at the electrophysiological level (see
Gheza, Paul, et al., 2018 for a recent demonstration). Contrary to the FRN component, the
RewP is a broad positive deflection elicited at fronto-central sites, typically larger for
positive (rewarding) compared to negative feedback (Holroyd et al., 2008; Proudfit, 2015).
Furthermore, the RewP appears to reflect positive reward prediction errors, i.e., the activity
of the RewP is larger for better than expected outcomes (Frömer, Stürmer, & Sommer, 2016;
Meadows, Gable, Lohse, & Miller, 2016; Weinberg, Riesel, & Proudfi t, 2014).
These ERP components are obtained after a standard averaging procedure, where the
time- and phase-locked components of the EEG signal elicited by the feedback are retained.
However, the EEG activity which is not phase-locked to the onset of the feedback can also
carry relevant information about reward processing (Cohen, Wilmes, & van de Vijver, 2011;
Fell et al., 2004; Makeig et al., 2002). Using a time-frequency decomposition of the EEG
data, the power of 4 – 8 Hz (theta) oscillations over frontal-medial electrodes following
evaluative feedback onset has been identified as a reliable electrophysiological marker for
the need of cognitive control when facing difficult, new or challenging situations
(Cavanagh, Figueroa, et al., 2012; Cavanagh et al., 2010; P. S. Cooper et al., 2019) . Unlike the
FRN or RewP, fronto-medial theta (FMθ) power usually increases for any unexpected
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outcomes (Cavanagh, Figueroa, et al., 2012; Cohen et al., 2007; Hajihosseini & Holroyd, 2013;
Hauser et al., 2014; Luft, 2014; Mas-Herrero & Marco-Pallarés, 2014; Osinsky et al., 2016).
Table 6.1. Overview of existing EEG studies examining the effect of reward magnitude on PM.
Publication

Task

Conditions

Goyer, Woldorff, &
Huettel, 2008

Choice of Magnitude Gain – Loss
Large – Small
Chosen – Alternative
Luo & Qu, 2013
Choice of Magnitude Gain – Loss
Low – High (Context)
Small – Large (Relative)
Sambrook & Goslin, Meta Analysis
Good – Bad
2015
Large – Small
Expected – Unexpected
Banis & Lorist, 2012 Choice of Options
Gain – Loss
(Guessing)
Large – Small

Gu et al., 2017

Choice of Options
Gain – Loss
(Guessing)
Large – Small
(sequential FB)
Certain – Ambiguous
Wu & Zhou, 2009 Choice of Options
Gain – Loss
(Guessing), Magnitude Large – Small
announced
Expected – Unexpected
(Magnitude)
HajiHosseini,
Choice of Options
Gain – Loss
Rodríguez-Fornells, (Guessing),
Large – Small
& Marco-Pallarés, Magnitude announced Expected – Unexpected
2012
Gu et al., 2011
Choice of Options
Gain – Loss
(Guessing),
Large – Small
Sequential FB
Kreussel et al., 2012 Choice of Options
Gain – Loss
(Learning)
Large – Small
Expected – Unexpected
Holroyd, Larsen, & Choice of Options
Gain – Loss
Cohen, 2004
(Guessing)
Best – Zero – Worst (Relative)
Kamarajan et al., Choice of Magnitude Gain – Loss
2009
Large – Small
Pedroni, Langer,
Choice of Options
Gain – no Gain
Koenig, Allemand, & (Guessing),
Large – … – Small
Jäncke, 2011
Magnitude announced
Andreou et al., 2015 Choice of Magnitude Gain – Loss
Large – Small
(Bipolar – Healthy)
Marco-Pallares et Choice of Magnitude Gain-Loss
al., 2008
Large-Small
Doñamayor et al., Choice of Magnitude Gain – Loss
2011
Large – Small

Magnitude effects on…
FRN/RewP
FRN
RewP
Quantification
P3 FMθ
(neg. FB) (pos.FB)


Mean
(200-300)
Mean
(200-250)





Mean
(228-344)






Mean
(230–300)
Mean-to-Mean
(P2P3)

Mean
(250-350)













Mean around 
Peak



Peak-to-Peak 
(P2)





Mean
(250-350)

()





Peak

()



Mean
(250-350)



()



Mean
()
(200–275)
TANCOVA over (=)
entire
waveform
Peak-to-Peak ()
(P2)

()

()



Mean
=
(200 -300)
Nonparametric 
permutation
testing



=

=

=

()

157

Delta

Reward Magnitude

Publication

Task

Bellebaum, Polezzi, Choice of Options
& Daum, 2010
(Learning),
Magnitude announced
Meadows, Gable,
Speeded Reaction
Lohse, & Miller, 2016
San Martín, Manes, Choice of Options
Hurtado, Isla, &
(Guessing)
Ibañez, 2010
Santesso,
Choice of Magnitude
Dzyundzyak, &
Segalowitz, 2011
Zottoli & GroseChoice of Magnitude
Fifer, 2012
Options (Learning)
Schuermann,
Choice of Magnitude
Endrass, &
Kathmann, 2012
Hajcak, Moser,
Choice of Options
Holroyd, & Simons, (Guessing)
2006
Leicht et al., 2013 Choice of Magnitude
Sato et al., 2005

Yeung & Sanfey,
2004

Padro, Padrón,
Fernández-Rey,
Acuña, & PardoVazquez, 2016
Doñamayor,
Schoenfeld, &
Münte, 2012
Bernat, Nelson, &
Baskin-Sommers,
2015
Janssen, Poljac, &
Bekkering, 2016

Choice of Options
(Guessing),
Magnitude announced
Choice of Options
(Guessing),
Sequential FB
Magnitude announced
Perceptual
Discrimination

Conditions
Gain – NoGain
Large – Medium – Small

Magnitude effects on…
FRN/RewP
FRN
RewP
Quantification
P3 FMθ
(neg. FB) (pos.FB)

Peak-to-Peak 
=
(P2)

Gain – NoGain
Large – … – Small
Gain – Loss
Large – Small
Expected
Gain – Loss
Large – Small (RiskMagnitude)

Mean
(230-330)
Mean
(240-310)

=



=



Peak
(200-400)

=



Gain – Loss
Large – Small
Gain – Loss
Large – Small

Peak-to-Peak =
(P2)
Peak-to-Peak =
(P2)



Gain – Loss
Large – Small

Peak-to-Peak =
(P3)

()

Gain – Loss
Large – Small
Gain – Loss
Large – Small

Peak-to-Peak =
(P2)
Peak-to-Peak =
(P2)

=

=

=



Gain – Loss
Large – Small

Peak-to-Peaks =
(P2P3)

=



Gain – Loss
Large – Small
Easy – Difficult

Single trial
ROC and
latency

=



Speeded reaction
(MID)

=

Reward – No Reward
Large – Medium – Small
(Expeced – Unexpected)
Choice of Magnitude Gain – Loss
Large – Small

Nonparametric
permutation
testing
Peak

Choice of Options
Gain – Loss
(Guessing),
Large – Small
Magnitude announced (Expected .. Unexpected)

Peak-to-Peak =
(P2)



Delta











=

=



=

=

 and  indicate a reported increase or decrease of the ERP component for a larger compared to a smaller reward
magnitude, respectively. = refers to no statistical difference between these two conditions. Results in paranthesis () were not
statistically tested but mean amplitudes indicate this trend. FB refers to feedback/outcome

As can be seen in Table 6.1, previous ERP studies have observed a larger (i.e., more
positive) RewP for rewards of large as compared to small magnitude (Hajcak, Moser,
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Holroyd, & Simons, 2006; Holroyd, Larsen, & Cohen, 2004; Meadows et al., 2016; San Martín,
Manes, Hurtado, Isla, & Ibañez, 2010), suggesting that increasing magnitude likely
augmented reward processing, even though subjective ratings were usually not used to
corroborate this conclusion (with the exception of Kreussel et al., 2012; Luo & Qu, 2013; San
Martín et al., 2010; who reported either effects of expectancy, pleasure or satisfaction) . In
comparison, a missed (large) reward or a loss of large magnitude seemed to decrease the
FRN component (Banis & Lorist, 2012; Goyer, Woldorff, & Huettel, 2008; Gu et al., 2017) .
However, it should be noted that many studies failed to reveal any modulatory effect on
the FRN component (Sato et al., 2005; N. Yeung, 2004). Moreover, very few EEG studies have
explored changes in FMθ power as a function of reward magnitude, and similarly to the
FRN, no clear picture emerged regarding the direction of the effect created by this variable.
Whereas some studies showed FMθ power increases for larger rewards (Andreou et al.,
2015; HajiHosseini & Holroyd, 2015; Leicht et al., 2013), others failed to show any significant
modulation of FMθ activity as a function of magnitude (Bernat et al., 2015; Doñamayor,
Marco-Pallarés, Heldmann, Schoenfeld, & Münte, 2011; Sambrook & Goslin, 2016) . Moreover,
only one of them previously explored the effect of reward magnitude in relation to
feedback valence and expectancy, but focussed on other frequency bands than FMθ
(HajiHosseini, Rodríguez-Fornells, & Marco-Pallarés, 2012).
The goal of our study was to use a multi-component approach to assess changes in
reward processing at the neurophysiological level depending on reward magnitude. More
specifically, we set out to establish whether increasing reward magnitude led to a general
boost in reward processing (RewP), or was also accompanied by specific changes in reward
expectation (FRN/RewP and FMθ). To this aim, we used a simple guessing paradigm devoid
of learning or risk evaluation (adapted from Paul & Pourtois, 2017), in which feedback
valence (reward vs. no-reward), expectancy and reward magnitude were manipulated using
a factorial design. We capitalised on state-of-the-art neurophysiological markers of reward
processing (RewP), reward prediction error (FRN/RewP) and cognitive control (FMθ),
supplemented with subjective ratings informing about how evaluative feedback was
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processed by participants along the valence and expectancy dimensions. 10 Based on the
literature reviewed here above (see also Table 6.1), we hypothesised that FRN and RewP
could show dissociable effects during reward processing: the amplitude of the RewP should
be enhanced for large compared to small rewards (irrespective of expectancy), whereas
we did not expect to find a clear effect of magnitude on the FRN for no-reward outcomes
(see Table 6.1). However, we conjectured that the FRN should translate signed (negative)
reward prediction errors, with a larger difference between expected and unexpected
outcome when it was no-reward than rewarding. With regard to FMθ, we surmised that its
power should be larger for no-reward than for reward feedback, unexpected compared to
expected feedback, and for large compared to small outcome (Cavanagh, Figueroa, et al.,
2012; Hajihosseini & Holroyd, 2013; Kamarajan et al., 2009; Luo & Qu, 2013; Meadows et al.,
2016; Sambrook & Goslin, 2015; Santesso, Dzyundzyak, & Segalowitz, 2011) .

Methods
Participants
Forty undergraduate students gave written informed consent and were compensated
with €30 for participating in this study approved by the local ethics committee. They were
right-handed, had corrected-to-normal vision, and reported no history of psychiatric
disorders. Three participants had to be excluded due to technical problems during data
acquisition or noisy data, and another one due to poor performance (i.e ., less than 50%
correct responses, see catch trials below). Hence, 36 participants ( MAge = 23.6 years, SD = 2.7;
24 females) were eventually included in the analyses.

10

Besides the FRN/RewP and FMθ, reward magnitude can also influence the P300 component and delta
power (1-4 Hz) at posterior leads. These neurophysiological effects are usually less related to reward
prediction errors, but to the salience of the outcome instead. For the sake of completeness, we analysed
these complementary electrophysiological markers of performance monitoring in this study, but present
these results in the supplementary materials section.
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Task
A modification of a previously used gambling task was administered (Hajcak et al.,
2007; Paul & Pourtois, 2017). On each and every trial, participants chose one of three doors
by pressing with their right index finger the corresponding key on a response box. After a
fixation dot (800 ms), this choice was followed by either positive reward feedb ack (green
“+”) or (negative) no-reward feedback (red “o”; 1500 ms). At the beginning of each trial,
participants were informed about their winning chances with a cue (1000 ms). The cue was
presented as a small circle filled to one or two thirds (black/white) announcing a winning
likelihood of 0.33 or 0.66%, respectively. Unknown to participants, feedback was only
related to these objective reward probabilities, ending up with a pre-set winning of 4500
points for all subjects (irrespective of their choices), which was translated into a fixed €10
payoff. Importantly, a systematic manipulation of reward magnitude was introduced in a
block wise fashion, i.e., participants were informed beforehand that they could win either
5 or 45 points for choosing the right (rewarding) door in every trial. Reward magnitude
(being either large or small) was manipulated across blocks to avoid unwanted carry over
effects of changing reward magnitude across successive trials. To make sure participants
processed evaluative feedback as a function of the prospect of either low or high payoff,
the reward probability cue was surrounded by either a simple or jagged circle, announcing
a small or large reward respectively (see Figure 6.1). Further, the size of the feedback was
also modified (becoming three times larger when reward magnitude was large).
To ensure participants paid attention to the cue and the feedback, catch trials were
included every now and then. To assess if participants correctly processed reward
probability at the cue level before making a choice, they were asked about their winning
chance (“How many doors contain a prize?”), answered with the corresponding number on
the keyboard. After the feedback was presented, they were also occasionally asked about
how (un)expected the given outcome was and how much they (dis)liked it, answered on a
visual analogue scale (VAS, ranging from “not at all” to “a lot”). These two questions were
used to assess if the manipulations of reward expectancy and magnitude produced
significant effects at the subjective level. Each question was asked 64 times. All stimuli
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were shown against a grey background on a 21-in CRT screen and implemented in E-Prime
(V 2.0.10, Psychology Software Tools Inc., Sharpsburg, PA).

Figure 6.1. Overview of the trial structure. At the beginning of each trial, participants were informed
about the actual reward probability (black or white part of the circle, 33 or 66%). After they chose
one door, they received either reward or no-reward feedback. Additionally, in some trials,
participants had to report, using a specific scale (see methods), the objective reward probabilities
and/or the expectancy or liking of the given feedback.

Procedure
Participants started with instructions and six practice trials. The experiment consisted
of four blocks of 90 trials each. Two blocks had large reward magnitude while the other
two had low reward magnitude. Block order was counterbalanced across subjects. The two
possible reward probability cues were presented equally often, but in random order within
each block. After each block, participants were informed about their current winning (in
points, converted to euros) and they had to rate (“general ratings”) how much they
expected and liked each feedback type (reward and no-reward). These two ratings were
answered using the same VAS probes for the catch trials (see here above). Each block was
briefly interrupted after 45 trials (half of the block) for a short break. A subset of the
sample (n=17) was also asked to provide mood ratings at this point. To this aim, these 17
participants indicated their current mood state on four VAS probes, ranging from “neutral”
to “as happy/pleasant/awake/lively as I can imagine ”.
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Recording and Preprocessing of Electrophysiological Data
EEG

was

recorded

using

a

64-channel

Biosemi

Active

Two

system

(http://www.biosemi.com) according to the extended 10-20 EEG system, with two other
electrodes placed at the mastoids and four additional electrodes to measure eye
movements. EEG was sampled at 512 Hz and preprocessed offline with EEGLAB 13.5.4b
(Delorme & Makeig, 2004) implemented in Matlab R2013b. The preprocessing included
0.03/35 Hz high/low pass filtering and linked-mastoid re-referencing. For data cleaning,
the Algorithmic Pre-Processing Line for EEG (APPLE; Cavanagh, Napolitano, Wu, & Mueen,
2017) was applied, which combines custom algorithms and functions from the open source
toolboxes FASTER (Nolan et al., 2010) and EEGLab to automatically identify the most likely
independent component associated with eye blinks, to interpolate bad channels and to
remove bad epochs. On average, 2.5 ( SD = 0.7) ICA components were removed, 2.1 ( SD = 1.0)
channels interpolated and 4.1% ( SD = 2.3) of epochs rejected. Epochs were extracted
starting from -1000 to 2700 ms around feedback onset, and baseline corrected to the -250
to 0 ms interval before feedback onset. For each subject separately, the EEG data
corresponding to eight conditions (i.e., 2 Valence × 2 Expectancy × 2 Magnitude) were
extracted. To account for different signal-to-noise ratios between conditions, a limited
(randomly sampled) number of trials of the expected conditions (originally M = 57, SD = 1.4)
was used to match the unexpected conditions ( M= 26, SD = 2.3) .
Two quantification methods of the FRN/RewP component were used (see also Gheza,
Paul, et al., 2018). Unlike the RewP, the FRN component is usually defined as the difference
between the largest peak in the time window of the negative component (N2) and its base,
i.e., the peak of the preceding positivity (P2; e.g. Bellebaum, Polezzi, & Daum, 2010; Gu et
al., 2011; Zottoli & Grose-Fifer, 2012, see Table 6.1). This peak-to-peak method has been
shown to be more adequate to capture subtle amplitude modulations of the FRN by
expectancy, compared to a more conservative mean-amplitude approach (see also Gheza,
Paul, et al., 2018). Therefore, the FRN component was quantified at FCz as the difference
between the most negative peak (within 150 - 300 ms) and the preceding positive peak.
Nevertheless, a close review of existing studies exploring the effects of reward magnitude
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on the FRN/RewP component (see Table 6.1) suggests that the ERP component under
scrutiny was more often the RewP (as opposed to FRN), and was usually quantified as a
mean activity computed within a predefined time window (around 200-300 ms postfeedback onset). This approach has often been put forward to score the RewP component
in the existing literature (e.g. Foti et al., 2015; Frömer et al., 2016; Meadows et al., 2016).
Therefore, we also performed a mean amplitude measurement around the peak (230 280 ms post feedback onset at electrode FCz), comparing reward to no-reward feedback.
This in turn provided a measure of the RewP rather than the FRN per se (for similiar time
windows, see Gheza et al., 2018; Paul & Pourtois, 2017).
The time frequency analysis was done using EEGLAB built-in std_ersps function (2.4
to 9 cycles, 0.8 to 10 Hz, 60 log-spaced frequencies, 400 time points per epoch). The time
interval from -500 to -200 ms before feedback onset was used for baseline correction. The
mean FMθ activity (4 - 8 Hz) was extracted in the 200-400 ms interval following feedback
onset at FCz. This electrode position was chosen based on the local maximum (mean power
values) of the difference between no-reward and reward feedback (see Figures 4, 6 & 7),
as well as on previous EEG studies using the same site and data analysis (Gheza, Paul, et
al., 2018; Paul & Pourtois, 2017).11

Subjective Ratings
Ratings on the VAS regarding the feedback liking/expectancy, as well as the mood
ratings, were transformed into percentage scores, arbitrarily setting the extreme end (“not
at all”) to 0 and the other one (“a lot”) to 100.
Catch trials. Accuracy for the reward probability cue, i.e., the percentage of correct
responses, was computed for each reward probability and reward magnitude separately.
For the VAS ratings obtained for the feedback, mean answers were computed separately
for each of the eight possible conditions (2 Valence × 2 Expectancy × 2 Magnitude).
11

To ensure that the results reported for the FMθ activity (total power) were not influenced by the
superimposed FRN/RewP component (evoked activity), we also performed additional analyses where we
subtracted the evoked component from the total power to reveal the selective contribution of induced
effects to this mean FMθ activity; see Supplementary Materials for details and results.
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General Ratings. For each of the two VAS probes, i.e., for expectancy or liking, the mean
answers were computed separately for each of the four possible conditions (2 Valence × 2
Magnitude). Mood ratings (asked within each block) were averaged separately for each
item but across the corresponding magnitude blocks.

Statistical analysis
For all analyses, the significance alpha cutoff was set to 0.05. Data analysis was
carried out in JASP (0.8.2., Jasp Team 2017). The main and interaction effects were reported
first, followed by post-hoc tests computed using SPSS (22, IBM statistics) whenever
applicable.
Catch trials. Accuracy was analysed using a 2×2 repeated measures ANOVA with the
within-subject factors REWARD PROBABILITY (low/high) and feedback MAGNITUDE
(small/large). For the feedback, the data obtained for each scale, i.e., liking or expectancy,
were submitted to a 2×2×2 repeated measures ANOVA with the within-subject factors
feedback VALENCE (reward/no-reward), EXPECTANCY (expected/unexpected) and
MAGNITUDE (small/large).
General ratings. For each scale separately, i.e., for liking or expectancy, a 2×2 repeated
measures ANOVA was performed, with the within-subject factor feedback MAGNITUDE and
VALENCE. For each of the four affective dimensions, mood levels were compared between
small and large reward magnitude conditions using paired t tests. To control for multiple
comparisons, a Bonferroni correction (0.0125) was applied.
EEG components. The extracted FRN amplitudes (peak-to-peak analysis), RewP
amplitudes (mean amplitude measurement) and FMθ power values were analysed using
separate 2×2×2 repeated measures ANOVAs, with the within-subject factors feedback
VALENCE, EXPECTANCY and MAGNITUDE.
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Results
Catch trials
Cue-level. The accuracy was very high ( M = 95-97%, SD = 4) and did not yield
significant main or interaction effects, all Fs ≤ 2.8, ps ≥ .10, η²s ≤ .074).
Feedback level. For expectancy (see Figure 6.2A), the ANOVA revealed significant main
effects of EXPECTANCY, F (1,35) = 43.4, p < .001, η² = .55, and VALENCE, F (1,35) = 24.0, p < .001,

η² = .41. Additionally, the interaction between feedback VALENCE and MAGNITUDE was
significant, F (1,35) = 17.2, p < .001, η² = .33. Other effects were not significant, all Fs ≤ 64.2,

ps ≥ .34, η²s ≤ .027. Reward was more expected than no-reward (p < .001) and expected
feedback was more expected than unexpected feedback ( p < .001). The significant
interaction showed that while reward feedback were more expected in the large compared
to the small reward blocks ( p = .003), the opposite was true for no-reward feedback
( p = .021).
For liking (see B), the ANOVA revealed a significant main effect of VALENCE, F(1,35) = 213,

p < .001, η² = .86) and a significant interaction between EXPECTANCY and VALENCE,
F(1,35) = 5.13, p = .030, η² = .13), as well as between MAGNITUDE and VALENCE, F(1,35) = 14.98,
p < .001, η² = .30. No other interactions or main effects reached significance, all Fs ≤ 2.75,
ps ≥ .11, η²s ≤ .072. Reward was more liked than no-reward ( p < .001). The interaction
between expectancy and valence was explained by a drop in liking unexpected no -reward
compared to expected no-reward feedback ( p = .015), without such a change for reward
( p = .25). Moreover, the other significant interaction showed that reward feedback was
liked more for large compared to small magnitude feedback ( p = .002), while the opposite
was seen for no-reward feedback ( p = .004).
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Figure 6.2. Subjective ratings of feedback (catch trials), separately for expectancy and liking.

General Ratings
For expectancy ratings, the ANOVA revealed a significant interaction between VALENCE
and MAGNITUDE, F(1,35) = 5.91, p = .020, η² = .15. No other main effects were significant, all

Fs ≤ 1.67, ps ≥ .21, η²s ≤ .05. Post-hoc tests showed that while no-reward feedback was
rated as equally (un)expected for both magnitudes ( p = .27, msmall = 51.4%, SD = 23.9,

M Large = 47.2%, SD = 21.5), reward feedback was more expected in the large compared to the
small reward blocks ( p = .002, msmall = 45.6%, SD = 21.0, M Large = 54.6%, SD = 21.7).
For the liking ratings, the ANOVA revealed significant main effects of VALENCE,

F(1,35) = 316, p < .001, η² = .90) and MAGNITUDE, F(1,35) = 6.69, p = .014, η² = .24. More
importantly, the interaction between VALENCE and MAGNITUDE was significant as well,

F(1,35) = 11.2, p = .002, η² = .240. Post-hoc tests revealed more liking for reward over noreward feedback (p < .001), as well as for large than small feedback ( p = .014). However,
this was only the case for reward feedback ( p < .001, msmall = 82.3%, SD = 14.6, M Large = 87.2%,

SD = 13.6), without any significant modulation of liking for no-reward depending on
magnitude ( p = .10, ms mall = 12.6%, SD = 12.5, MLarge = 10.6%, SD = 13.6).
Mood Ratings. Significantly higher ratings of happiness, t(15) = 2.87, p = .012, d 0.72, and
pleasantness, t(15) = 3.11, p = .007, d = 0.78, were found for large ( M Happy = 40.6%, SD = 28.6,

MPleasant = 38.9%, SD = 26.5) compared to small reward magnitude blocks ( M Happy = 34.6%,
SD = 26.51, MPleasant = 32.9%, SD = 26.0). Arousal did not differ between these two conditions,
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t (15) ≤ 1.65, p ≥ .12, d ≤ 0.41 ( MAwake Small = 41.5%, SD = 25.4, MAwake Large = 43.9%, SD = 27.1; MLively
Small =

30.5%, SD = 16.9, M Lively Large = 34.1%, SD = 21.0).

EEG components
FRN (Peak-to-peak). The ANOVA revealed a significant main effect of VALENCE,

F(1,35) = 33.8, p < .001, η² = .49. Moreover, the interactions between EXPECTANCY and
VALENCE, F(1,35) = 6.69, p = .014, η² = .16, as well as between VALENCE and MAGNITUDE,

F(1,35) = 4.35, p = .044, η² = .11 were both significant. No other effect reached significance,
all Fs ≤ 0.32, ps ≥ .58, η²s ≤ .009. The FRN component was larger for no-reward compared
to reward feedback ( p < .001). Consistent with its sensitivity to reward prediction errors,
this difference was larger for unexpected compared to expected feedback ( p = .014), as
well as for large compared to small rewards, although the latter was only marginally
different ( p = .044). However, a closer look at the waveforms (see Figure 6.3A) suggested
that these effects were mostly driven by a systematic modulation of the reward feedback,
as opposed to the no-reward one. Post-hoc comparisons confirmed this assumption. For
reward feedback, the FRN’s amplitude was more positive after unexpected compared to
expected feedback ( p = .016); while for no-reward feedback, the component’s amplitude
was slightly more negative after unexpected compared to expected feedback, although this
difference was not significant ( p = .23). A similar dissociation was found for magnitude,
albeit remaining non-significant ( p > .10), indirectly suggesting that expectancy and
magnitude influenced the RewP (i.e., processing of reward feedback) to a greater extent
than the FRN (and hence the processing of no-reward feedback).
RewP/FRN (Mean). This dissociation between the FRN and RewP was further
corroborated when we scored these ERP components using a more stringent mea n
amplitude measurement (see Figures 3A and 3C). The ANOVA revealed significant main
effects of VALENCE, F(1,35) = 69.78, p < .001, η² = .67, MAGNITUDE, F(1,35) = 9.02, p = .005,
η² = .21, and EXPECTANCY, F(1,35) = 7.54, p = .009, η² = .18. The interaction between VALENCE
and MAGNITUDE was significant too, F(1,35) = 4.18, p = .048, η² = .018. No other effects
reached significance, all Fs ≤ 1.15, ps ≥ .29, η²s ≤ .032. The RewP was larger, i.e., more
positive, for reward compared to no-reward (p < .001), for unexpected compared to
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expected feedback (p = .002) and for large compared to small magnitude (p < .001). This
latter difference was clearly more pronounced for reward feedback (p = .001), compared to
no-reward feedback (p = .11).

Figure 6.3. ERP Results. (A) Grand average ERP waveforms at electrode FCz. Time point 0 corresponds
to feedback onset and negativity is plotted upwards. (B) Horizontal topographical map of the FRN
component (computed as the difference wave between no-reward and reward feedback during the
230–380 ms post feedback onset interval), confirming a predominant fronto -central scalp
distribution for it. (C-E) Mean amplitudes/power, separately for each condition (± standard error of
the mean). (C) Overview of the mean amplitudes of the RewP/FRN component, defined as the mean
between 230 and 280 ms after feedback onset at FCz. (D) Peak-to-peak FRN amplitudes at FCz,
quantified as the difference between the N2 and the preceding P2. (E) Mean FMθ power at electrode
FCz.

FMθ Power. The ANOVA revealed significant main effects of VALENCE, F (1,35) = 21.36,

p < .001, η² = .38, EXPECTANCY, F(1,35) = 5.75, p = .022, η² = .14, and MAGNITUDE, F(1,35) = 12.0,
p = .001, η² = .26. Interestingly, unlike the FRN/RewP, these main effects were qualified by
significant interaction effects with EXPECTANCY. This analysis showed significant two-way
interactions between EXPECTANCY and VALENCE, F (1,35) = 5.06, p = .031, η² = .13, as well as
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between EXPECTANCY and MAGNITUDE, F(1,35) = 4.99, p = .032, η² = .13. Importantly, the
three-way interaction was also significant, F (1,35) = 5.09, p = .030, η² = .13. The interaction
between VALENCE and MAGNITUDE was not significant, F (1,35) = 2.76, p = .089, η² = .081. FMθ
activity was substantially larger for no-reward compared to reward feedback ( p < .001), for
large compared to small magnitude ( p = .001), and unexpected compared to expected
feedback ( p = .004). To follow up the significant three-way interaction, we ran two
separate ANOVAs for each MAGNITUDE level. When small rewards were at stake, main
effects of feedback VALENCE, F(1,35) = 7.43, p = .010, η² = .18, and EXPECTANCY, F (1,35) = 11.95,

p = .001, η² = .25 were significant, but no significant interaction effect, F(1,35) = 0.098,
p = .76, η² = .003. FMθ activity was larger for no-reward compared to reward feedback
( p < .001) and for unexpected compared to expected feedback, irrespective of feedback
valence (no-reward: p = .002; reward: p = 0.23). A different picture clearly emerged when
large magnitude was used. The ANOVA revealed a significant main effect of VALENCE,

F(1,35) = 28.99, p < .001, η² = .45, but not of EXPECTANCY, F(1,35) = 0.32, p = .58, η² = .009.
Importantly, the interaction between feedback VALENCE and EXPECTANCY was significant
too, F (1,35) = 7.61, p = .009, η² = .18. No-reward led to increased FMθ activity compared to
reward (p < .001). Although FMθ activity was larger for unexpected compared to expected
large no-reward feedback ( p = .033), this difference was actually absent for large reward
feedback, i.e., FMθ activity did not differ between unexpected and expected large reward
( p = .16; see Figures 4 and 3E).
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Figure 6.4. FMθ Power results at electrode FCz. (A) FMθ power was larger for unexpected than
expected feedback, especially for no-reward feedback. By comparison, for reward feedback, if
reward magnitude was large (second row), this differences vanished, as confirmed by a significant
three-way interaction. (B) Horizontal topographical maps of FMθ power (difference between no reward and reward feedback) computed during the 200-400 ms post feedback onset interval,
separately for large and small rewards, confirming a predominant fronto -central scalp distribution
for this specific oscillation.

Discussion
Previous EEG studies showed that reward magnitude influences reward processing,
yet with different effects found for the FRN and RewP component (see Table 6.1). Moreover,
it remains unclear whether these changes actually translated increased reward processing
per se, altered reward predictions, or a combination of them. To address this question, we
recorded 64-channel EEG in 40 participants who carried out a gambling task, where the
valence, expectancy and magnitude of the outcome were manipulated using a factorial
design. Importantly, we used a multi-component approach enabling to assess changes in
reward processing at multiple levels as a function of magnitude. Accordingly, we could
clarify whether reward magnitude influences reward processing per se (RewP) or
expectancy (FRN, FMθ).
Subjective ratings showed that participants were sensitive to feedback valence and
expectancy. Moreover, they were also influenced by reward magnitude: Large rewards led
to an increase in the liking and expectancy of the feedback compared to small rewards. At
the EEG level, reward magnitude showed dissociable effects for the FRN, RewP and FMθ
activity. More specifically, irrespective of expectancy, the RewP amplitude was increased
for large compared to small rewards, suggesting that large magnitude increased reward
processing. Intriguingly, no similar effect was found at the FRN level when no-reward was
considered, confirming that magnitude influenced reward processing selectively, while
leaving no-reward and phasic negative reward prediction errors unaffected. Further,
reward magnitude also boosted FMθ activity, but not for unexpected large rewards,
suggesting that reward predictions or the cognitive control was altered in this specific
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condition. Hence, large magnitude probably led to a complex change in motivation or affect
(see here below), besides the general gain in reward processing or pleasure. Here after we
discuss the possible implications of these new results.
When scored using a peak-to-peak measurement, the FRN component showed a larger
difference between no-reward and reward when the outcome was unexpected compared
to expected, in agreement with the tenets of reinforcement learning (Chase et al., 2011;
Hajcak et al., 2006; Holroyd & Coles, 2002). However, this interaction effect between
valence and expectancy was not influenced by reward magnitude. Instead, reward
magnitude influenced the RewP component (measured as a mean activity) and the
processing of reward selectively, which was larger overall (i.e., more positive) for large
compared to small rewards, as previously reported (Meadows et al., 2016; San Martín et al.,
2010; see also Table 6.1). Given this dissociation, it appears parsimonious to conclude that
large rewards were associated with an increased reward processing, occurring irrespective
of the expectancy of the outcome.
Interestingly, effects of reward magnitude were clearly different when considering
FMθ activity compared to these ERP components. As expected, FMθ power increased for no reward, unexpected outcome, and large magnitude feedback (Andreou et al., 2015;
Cavanagh, Figueroa, et al., 2012; HajiHosseini & Holroyd, 2015; Leicht et al., 2013) .
Importantly, in the large magnitude condition, FMθ did not discriminate between expected
and unexpected rewards, while it still did for no-rewards. Further, control analyses (see
supplementary materials section) confirmed that these results were specific t o induced
FMθ activity, and could not be explained by the mere superposition of the ERP effects.
Tentatively, we suggest that this unexpected drop in FMθ activity seen when large reward
was unexpected could reflect indirectly an optimistic bias (Kress & Aue, 2017; Sharot, 2011;
Weinstein, 1980), according to which participants tended to overestimate reward
probability. This interpretation, albeit speculative, is in line with subjective ratings,
confirming that large rewards were more expected than no-rewards (Sharot et al., 2011;
Windschitl, Smith, Rose, & Krizan, 2010). Given this optimistic bias, it is conceivable that
unexpected large rewards were actually perceived as relatively expected or certain,
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thereby blurring the differential FMθ increase as a function of (un)expectancy in this
condition. Presumably, the normal increase at the FMθ level was attenuated because
participants probably did not perceive this outcome as unexpected and/or challenging.
Strikingly, the current findings for FMθ also mirror the results obtained in a previous
study where positive mood was elicited and compared to neutral mood (Paul & Pourtois,
2017). Similarly to the use of a large reward magnitude, positive mood was associated with
a blunted discrimination at the FMθ level between expected and unexpected reward (Paul
& Pourtois, 2017). Hence, positive mood and reward magnitude appear to produce each
comparable modulations of FMθ during reward processing. In this earlier study, we
interpreted these results as reflecting an optimistic bias created by positive mood, leading
to an overestimation of the likelihood of positive events (Eldar et al., 2016; Loewenstein &
Lerner, 2003; Mayer et al., 1992). Moreover, positive mood can be conceptualised in terms
of changes in approach motivation (see Cacioppo & Gardner, 1999; Lang, Bradley, &
Cuthbert, 1998). Approach motivation is usually evoked by rewards (Kim, 2013; K. D. Novak
& Foti, 2015; Simon et al., 2010; Threadgill & Gable, 2016) , and is generally manipulated by
rewards of different magnitude (Avlar et al., 2015; Meadows et al., 2016). Hence, it seems
plausible to assume that the affective or motivational state of the participants was actually
altered by the reward magnitude manipulation used in the current study, and this change
influenced reward processing in a mood-congruent manner (Paul & Pourtois, 2017). This
interpretation is also supported indirectly by the results obtained for delta activity and the
P300 ERP component (see supplementary materials), showing both an amplitude increase
when a large reward was at stake, irrespective of valence. Because these two
neurophysiological components have previously been related to the processing of the
motivational significance of the evaluative feedback (Bernat et al., 2015; Glazer et al., 2018;
Wu & Zhou, 2009), it seems therefore plausible to assume a general gain in the
motivational significance of the feedback, besides reward processing per se, when reward
magnitude was large. Moreover, mood ratings collected in a subsample of 17 participants
confirmed that participants experienced more happiness and pleasantness in large
compared to small reward blocks. Hence, it is possible that the observed change in FMθ
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activity seen here eventually stemmed from an affective or motivational state created by
the use of a large reward magnitude.
Finally, FMθ activity has been put forward as a marker of the need for cognitive
control (Cavanagh & Frank, 2014; P. S. Cooper et al., 2019). This assumption is not only
supported by the observation of increased FMθ activity for unexpected, novel or negative
outcomes, but also by co-variations seen at the behavioural level following conflict or error
processing (Cavanagh, Cohen, & Allen, 2009; Nigbur, Ivanova, & Stürmer, 2011), as well as
translational research on adaptive control (Narayanan, Cavanagh, Frank, & Laubach, 2013;
Womelsdorf, Johnston, Vinck, & Everling, 2010). Therefore, this weakening of cognitive
control at the FMθ level by reward magnitude accords well with earlier models available
in the literature, that assume that positive affect and approach motivation can tip the
balance in favour of using updating and reactive control over a stable and robust
maintenance of the task set (Chiew & Braver, 2014; Goschke & Bolte, 2014). In this
framework, the absence of FMθ power increase for unexpected reward, when a large
magnitude was used specifically, would therefore reflect a dynamic change in the
motivational state of the participants, who did not treat this outcome as necessaril y
challenging, and thus requiring a swift adjustment in cognitive control. Whether this
change in cognitive control with large magnitude (FMθ) actually caused or instead followed
the boost in reward processing (RewP) awaits additional EEG studies that coul d further
explore the possible dynamic interplay between these two separate neurophysiological
signals during reward processing.
Some limitations warrant comment. First, some subjective ratings for the feedback
did not perfectly align with FMθ results. Nevertheless, given how these ratings were
administered, it is likely that objective reward probability rather than subjective perception
contributed this discrepancy (Windschitl et al., 2010). Presumably, using more appropriate
measures of subjective predictions could reveal more comparable results with FMθ. Second,
reward magnitude was manipulated using a block design, and as such, unwant ed changes
in the affective or motivational state of the participants may have occurred. However, we
opted for a block design to avoid carry-over effects of changing reward magnitude across
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successive trials. It appears important to assess whether similar effects (especially for FMθ
and RewP) could be replicated, when reward magnitude is manipulated at the single trial
level. Last, it would be extremely valuable in future EEG studies to assess whether similar
RewP/FRN and FMθ results could be obtained, when loss instead of reward would be used
as incentive. This change would promote loss-avoidance motivation and likely influence in
turn the expression of these electrophysiological manifestations.
To sum up, the present findings show that reward magnitude produces dissociable
effects during reward processing at the EEG level, which likely inform about complex and
dynamic changes in the motivational state of the participants. Increasing reward
magnitude led to a boost in reward processing at the RewP level, occurring irrespective of
expectancy though. This change was confined to reward, and did not alter no -reward and
the FRN. Intriguingly, this boost in reward processing as a function of increasing magnitude
was accompanied by a transient decrease in cognitive control (FMθ), as if magnitude
actually blurred the processing of expectancy during reward processing. We suggest that
either an optimistic bias or increase in positive mood can account for these flexible changes
in reward processing at the EEG level as a function of reward magnitude.
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Supplementary Material
P300 and Delta power
The P300 component was quantified as the mean amplitude between 300 and 400 ms
after feedback at Pz. The delta band power activity ( 1-3.9 Hz) was defined as the mean
within 200-400 ms at CPz. We ran separate repeated measures ANOVAs with the withinsubject factors feedback VALENCE (reward or no-reward feedback), feedback EXPECTANCY
(expected or unexpected), and the MAGNITUDE (small or large).
P300 . The ANOVA showed a significant main effect of feedback VALENCE, F (1,35) = 56.3,

p < .001, η² = .62, EXPECTANCY, F(1,35) = 24.5, p < .001, η² = .41, and MAGNITUDE, F(1,35) = 15.30,
p < .001, η² = .31. The three-way interaction approached significance, F(1,35) = 3.62, p = .066,
η² = .094. No other effects were significant, all Fs ≤ 2.38, ps ≥ .13, η²s ≤ .064. The P300
component was larger for reward compared to no-reward feedback ( p < .001), unexpected
compared to expected feedback ( p < .001), and large compared to small feedback ( p < .001;
see Supplementary Figure 6.1).

Supplementary Figure 6.1. P300 component. (A) The P300 component was substantially larger for
reward, unexpected and large feedback. (B) Topographical map of the P300 (difference between
reward and no-rewards) showing the mean ERP activity computed during the 300-400 ms post
feedback onset interval and confirming a posterior parietal scalp distribution for this specific ERP
component. (C) Mean P300 amplitudes (300-400 ms) at Pz (± standard error of the mean). (D) Mean
delta power at electrode CPz (± standard error of the mean).
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Delta . The ANOVA showed a significant main effect of VALENCE, F (1,35) = 6.75, p = .014,

η² = .16, EXPECTANCY, F(1,35) = 4.23, p = .047, η² = .11, and MAGNITUDE, F(1,35) = 27.0, p < .001,
η² = .44. No other effects were significant, all Fs ≤ 3.31, ps ≥ .078, η²s ≤ .086. Delta activity
was larger for reward compared to no-reward feedback ( p = .014), unexpected compared
to expected feedback ( p = .047) and large compared to small feedback ( p < .001; see
Supplementary Figure 6.1D and Supplementary Figure 6.2).

Supplementary Figure 6.2. Delta power results. (A) The main effects of feedback valence (left inset),
magnitude (middle) and expectancy (right) are presented separately (electrode CPZ). Delta
response was stronger for reward, large and unexpected feedback. (B) Topographical map of the
delta power (difference between reward and no- reward feedback), showing the mean power during
the 200-400 ms post feedback onset interval and confirming a posterior parietal scalp distribution
for it.

Induced vs. Evoked Power
Induced vs. Evoked FMθ Power . From the total power, we separated induced (i.e., not

phase locked, by removing the ERP of the single trial before applying the time frequency
decomposition) from evoked effects (i.e., phase locked, by removing induced from total
power). Most of the total FMθ power at FCz was identified as being non-phase locked (64
%, SD = 100). The analysis performed on evoked FMθ power showed significant effects of
VALENCE, F (1,35) = 27.1, p < .001, η² = .44, MAGNITUDE, F(1,35) = 21.5, p < .001, η² = .38, and their
interaction, F (1,35) = 11.6, p = .002, η² = .25. Other effects remained non-significant, all Fs ≤
2.22, ps ≥ .15, η²s ≤ .060. By comparison, the analysis performed on induced FMθ power
closely mirrored the results obtained of the total FMθ power (see main text). The main
effects of VALENCE, F(1,35) = 6.51, p = .014, η² = .16 and EXPECTANCY, F (1,35) = 5.91, p = .020,

η² = .16, were significant, while the main effect of MAGNITUDE was not, F(1,35) = 1.99, p = .17,
η² = .054. All interactions with EXPECTANCY approached or reached significance:
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EXPECTANCY and VALENCE, F(1,35) = 4.09, p = .051, η² = .105; EXPECTANCY and MAGNITUDE,

F(1,35) = 4.54, p = .040, η² = .115, as well as the three way interaction, F(1,35) = 4.80, p = .035,
η² = .121. Induced FMθ activity was larger for no-reward compared to reward feedback
( p = .007). Further, FMθ power was larger for unexpected compared to expected no-reward
feedback irrespective of its magnitude (small: p = .003, large: p = .041,), and unexpected
compared to expected small rewards ( p = .022). This modulation of induced FMθ by
expectancy was absent for large rewards however ( p = .19; see Supplementary Figure 6.5.

Supplementary Figure 6.3. Comparison of total, induced and evoked FMθ power at FCz. The reported
interaction between feedback valence, expectancy, and magnitude was driven by the total and
induced power. Evoked FMθ power was not influenced by these variables in our study.

Supplementary Figure 6.5. Comparison of induced and evoked power II. The statistical analysis
performed on induced FMθ power revealed similar results as using the whole FMθ band activity as
opposed to the evoked component only.
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Time-Frequency Plots for the separate conditions

Supplementary Figure 6.6. Theta and delta power per condition. Power plots at FCz are shown for
reward and non-reward feedback, separately for unexpected (left) and expected (righ t), and for
small (first row) and large (second row) conditions.
Supplementary Table 6.1. Overview of significant effects of feedback valence, expectancy and
magnitude across all dependent variables.
η²

Ratings
Liking (General)
Expectations
(General)
Liking (Catch Trials)
Expectations (Catch T.)

Magnitude
× Valence

Magnitude
Magnitude × Valence
× Expectancy × Expectancy

Valence

Expectancy

Valence
× Expectancy Magnitude

.90 
.001

/
/

/
/

.16*
.05

.24 
.15 

/
/

/
/

86 
.41 

.07
55 

 13 

.02

.06
.004

.30 
33 

.01
.03

.03
.002

67 
.49 
62 

.18**
.004
41 

.03
.16 
.01

.21 *
.00
31 

12*
.11*
.06

.02
.009
.05

.02
.00
.09

 38 

14 
15 
.00
11 
.00
26 

13 
11
.06
.09
.09
.006

.26 
05
38 
44 
14 
27 

.08
.004
25 
.03
.01
.005

13 
12 
.008
.02
.001
.03

13 
12 
.05
.006
.007
.002

ERP components
RewP (mean)
FRN (Peak-P2)
P300 (mean)

EEG spectra
FMθ total
FMθ induced
FMθ evoked
Delta total
Delta induced
Delta evoked

 16 
 44 
 16 

.002
 38 

*** p < 0.001

** p < 0.01

* p < 0.05
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Anticipatory ERPs
The most commonly studied ERP in the context of (reward) anticipation is the
Stimulus Preceding Negativity (SPN), a negative going slow wave component at frontocentral sites (Brunia, Hackley, van Boxtel, Kotani, & Ohgami, 2011), occurring while
participant await a feedback. The SPN has been related to unresolved expectations, as
unpredictable outcomes led to a stronger (more negative) amplitudes of the SPN
component (Catena et al., 2012; Donkers & van Boxtel, 2005; Fuentemilla et al., 2013; Morís,
Luque, & Rodríguez-Fornells, 2013). Interestingly the SPN seems to capture motivational
saliency as larger amplitudes were found in possible gain or loss trials compared to nogain trials (Kotani, Hiraku, Suda, & Aihara, 2001; Kotani et al., 2003; B. K. Novak et al., 2016;
K. D. Novak & Foti, 2015; Ohgami et al., 2006; Pornpattananangkul & Nusslock, 2015) .The SPN
component was extracted at the fronto-central electrode positions (within an electrode
cluster of FCz, Cz, Fz, FC3/4, FC1/2) during the 200 ms time period prior to feedback onset
(relative to the -500 to -200 ms interval before response onset). Again, a repeated
measures ANOVA with reward MAGNITUDE (small, large) and reward PROBABILITY (low or
high) as within-subject factor was used.

Supplementary Figure 6.7. Reward Anticipation. The SPN component was larger for trials with a high
compared to trials with low reward probability, irrespective of reward magnitude.

Using an ANOVA on the mean SPN amplitudes we found a significant main effect of
REWARD PROBABILITY, F (1,35) =2.15, p = .016, η² = .15, but no main effect or interaction with
180

Supplementary Material - Chapter 6
MAGNITUDE, Fs ≤ 0.001, p ≥ .97, η² < .001. The SPN was larger, i.e. more negative, for high
reward probability trials ( M = -0.043, SD = 4.19) compared to low reward probability trials
( M = 0.97, SD = 4.84).
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7.

EFFECTS OF POSITIVE MOOD AND APPROACH
MOTIVATION ON REWARD PROCESSING 12
Katharina Paul, Eddie Harmon-Jones & Gilles Pourtois

In a previous study (Paul & Pourtois, 2017), we found that positive mood
substantially influenced the neural processing of reward, mostly by altering expectations
and creating an optimistic bias. Compared to neutral mood, positive mood resulted in an
increased Reward Positivity (RewP) ERP component, and blurred fronto -medial theta
activity (FMθ) for unexpected monetary reward. Whether positive valence itself, or
motivational intensity, drove these neurophysiological effects remained unclear. To
address this question, we combined a mind-set manipulation with an imagery procedure
to create and maintain three different affective states using a between-subjects design: a
neutral mood; positive mood with high approach motivational intensity; and, positive mood
with low approach motivational intensity. After mood induction, 90 participants performed
a simple gambling task while 64-channel EEG was recorded. Results showed that
irrespective of motivational intensity, FMθ activity did not differ whether rewards were
expected or not in positive mood, unlike neutral mood, thereby replicating our previous
results. Intriguingly, high approach motivation positive mood lowered the RewP, compared
to low approach motivation positive mood. These results suggest that positive mood, rather
than approach motivation itself, is likely responsible for a systematic change in reward
expectation during gambling, which could reflect the presence of an optimistic bias.
Moreover, at the methodological level, this confirms that the RewP ERP component and
FMθ activity can capture dissociable effects during reward processing.

12

Based on Paul, K., Harmon-Jones, E. & Pourtois, G. (2019). Modulatory effects of positive mood and
approach motivation on reward processing: Two sides of the same coin? In prep aration
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Introduction
Reward processing is a cardinal component of reinforcement learning. Specifically,
when predictions about future successes are initially formed, subsequent deviations
between the prediction and the actual outcome are swiftly detected with the aim of
adapting behaviour accordingly (Fiorillo et al., 2003; Holroyd & Coles, 2002; Sutton & Barto,
1998). However, this fundamental process is not immune to changes in the environment,
as well as the motivational and affective state of the participant (Nusslock & Alloy, 2017;
Umemoto & Holroyd, 2017). Supporting this view, in a recent electroencephalography (EEG)
study (Paul & Pourtois, 2017), we found that positive mood influenced the
electrophysiological correlates of reward processing in a way that might reflect an
optimistic bias induced by this specific mood state (Eldar et al., 2016; Loewenstein & Lerner,
2003). An imagery procedure of a personal positive memory was used to increase, and
maintain, subjective levels of happiness throughout the experiment during which
participants performed a simple gambling task to examine reward processing at the
feedback level using standard EEG methods. Compared to neutral mood, positive mood
elicited a stronger neural response to reward. Our results also showed that the processing
of unexpected reward was selectively altered with positive mood. Specifically, positive
mood strongly reduced the differential coding of unexpected rewards compared to
expected ones, and was as if this deviation was not perceived in positive mood. These
neurophysiological results suggested that under positive mood, reward expectancy was
artificially increased, as if an optimistic bias was present in this specific mood state (Mayer
et al., 1992; Sharot et al., 2011; Wright & Bower, 1992).
Although these first neurophysiological results were intriguing and lent support to
the notion of a mood-congruency effect during reward processing (Paul & Pourtois, 2017),
an important question remained unanswered. Does positive mood or (approach)
motivational intensity drive these effects? Positive mood is a heterogeneous construct,
subsuming states ranging from contentment to amusement to desire, which all have
different adaptive functions that could presumably lead to different effects on reward
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processing (Shiota et al., 2014). An orthogonal dimension associated with positive mood is
motivational intensity, particularly approach motivational intensity. Approach motivational
intensity has been defined as the strength of an urge to go towards incentives, events, or
situations (E. Harmon-Jones, Harmon-Jones, & Price, 2013). In this framework, positive
emotions such as desire and determination are associated with high approach motivational
intensity (or pre-goal positive affect), whereas satisfaction and amusement are associated
with low approach motivational intensity (or post-goal positive affect). Earlier studies
found that high and low approach motivated positive affect had different effects on
information processing, including the narrowing-broadening effect of visuo-spatial
attention (for a review, see Gable & Harmon-Jones, 2010; E. Harmon-Jones, Gable, & Price,
2013). Effects of positive mood have even been conceptualised in terms of approach
motivation (see Cacioppo & Gardner, 1999; Lang, Bradley, & Cuthbert, 1998). In light of this
conflicting evidence, whether positive mood itself or approach motivation drives
modulation of reward processing seen at the EEG level remains undetermined based on
our previous study (Paul & Pourtois, 2017).
Reward processing has been studied extensively in the past using EEG, particularly
the event related brain potentials (ERPs) method. The most frequently studied ERP
component is the Reward-Positivity (RewP), peaking at fronto-central electrodes around
250 ms after evaluative feedback. The RewP is typically larger for positive compared to
negative outcomes and better-than-expected outcomes (Gheza, Paul, et al., 2018; Holroyd
et al., 2008; Proudfit, 2015). Given its neurophysiological characteristics, the RewP has been
proposed as a marker of reward processing (Bress & Hajcak, 2013; Proudfit, 2015; Umemoto
& Holroyd, 2017). Although informative, the ERP method has some inherent limitations (e.g.,
it is based on a standard averaging technique) and is blind to other important
neurophysiological effects arising during reward processing, which can be revealed using
an appropriate time-frequency decomposition of the EEG signal (Fell et al., 2004; Makeig
et al., 2002). Among them, fronto-medial theta activity (4 – 8 Hz, FMθ) has been put forward
recently as a valid neurophysiological marker of the need for cognitive control (Cavanagh,
Figueroa, et al., 2012; Hajihosseini & Holroyd, 2013; Hauser et al., 2014; Mas -Herrero &
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Marco-Pallarés, 2014). FMθ activity increases for response errors, conflicts, novel stimuli,
and importantly for outcomes that turned out to be worse or better than expected, i.e.,
when reward is expected but omitted, or conversely, when reward is not predicted but
delivered (see also Gheza, De Raedt, et al., 2018; Paul & Pourtois, 2017).
Capitalising on these two complementary electrophysiological correlates of
reward processing (in relation to expectation), we found in our previous EEG study (Paul &
Pourtois, 2017) that positive mood, compared to neutral mood, increased the RewP. This
was accompanied by a blunted FMθ activity for reward feedback when the reward was
unexpected. Participants in the neutral mood group showed a larger FMθ response for
unexpected outcomes compared to expected ones, irrespective of their valence. By
comparison, participants in the positive mood group showed this response for no-reward
feedback only. Interestingly, when the feedback was reward-related the normal boost of
FMθ for unexpected rewards, compared to expected ones, was absent. In other words, these
participants appeared to treat unexpected reward as expected. The increased RewP with
positive mood was explained by an increased reward sensitivity. This was in line with
previous EEG studies showing an increased RewP for traits associated with positive affect,
including extraversion (A. J. Cooper et al., 2014; Smillie et al., 2011) and reward sensitivity
(Bress & Hajcak, 2013; A. J. Cooper et al., 2014; Umemoto & Holroyd, 2017) .
However, other EEG studies have also linked increases in the amplitude of the
RewP with approach motivation rather than mood. For example, Angus et al. (2015)
reported an increased RewP after the induction of anger, which corresponds to a negativ e
affective state characterised by enhanced approach motivation (C. S. Carver & HarmonJones, 2009; E. Harmon-Jones, 2007; E. Harmon-Jones et al., 2009). These authors suggest
that the RewP component is not modulated by affective valence, but rather motivational
direction/intensity. This idea is also supported by other EEG studies showing an increased
RewP in trials where approach motivation was induced by the prospect of getting monetary
reward (Threadgill & Gable, 2016, 2018). It therefore seems plausible to assume that
approach motivation, rather than positive mood, might have caused the change in RewP
and FMθ seen in our previous EEG study (Paul & Pourtois, 2017).
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To test this hypothesis, we devised a between-subjects design allowing us to
disentangle effects of approach motivation from positive mood on reward processing (see
Paul & Pourtois, 2017). Participants were assigned to one out of three mood conditions that
differed regarding the nature of the affective state being induced. In the first condition, a
neutral mood was elicited. In the second condition, positive mood with low approach
motivation was induced. The third condition encountered positive mood with high approach
motivation. These specific mood states were obtained by means of an adapted imagery
procedure (Bakic et al., 2014; Paul & Pourtois, 2017; Paul et al., 2017; Vanlessen et al., 2013) ,
combined with scripts previously validated (E. Harmon-Jones, Harmon-Jones, Fearn,
Sigelman, & Johnson, 2008). After mood induction, participants performed a gambling task
where reward probability was manipulated in a trial-by-trial fashion (Hajcak et al., 2005,
2007; Paul & Pourtois, 2017). Sixty-four-channel EEG was used to extract RewP and FMθ
activity at the feedback level that was later computed offline. Subjective reports (see Paul
& Pourtois, 2017), as well as frontal alpha-asymmetry (Coan & Allen, 2004; E. Harmon-Jones
& Gable, 2018; E. E. Smith, Reznik, Stewart, & Allen, 2016) , served as the main manipulation
checks to corroborate the presence of differential affective states encountered in these
three different mood conditions.
We compared two hypotheses. If positive mood accounted for the changes in
reward processing previously seen at the EEG level (Paul & Pourtois, 2017), then we
surmised that a larger RewP and blunted FMθ activity for unexpected reward should be
observed for both conditions, with positive mood regardless of motivational intensity,
compared to neutral mood in the current study. On the other hand, if approach motivation
mostly explained these changes, then we would expect a larger RewP and blunted FMθ
activity for unexpected reward most visible for the high approach, compared to the low
approach motivation and the neutral mood condition. As our experiment revealed an
unexpectedly reduced RewP for participants with high approach positive mood, despite
results for FMθ activity confirming our initial hypothesis, a second behavioural experiment
was carried out to explore this unexpected finding.
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Experiment 1

Methods
Participants
Ninety-nine right-handed undergraduate students, randomly assigned to one of three
mood conditions, were compensated with course credits for participating in this study and
received an additional AU$15 bonus at the end of the experiment. This study was approved
by the University of New South Wales Human Research Ethics Advisory Panel C: Psychology.
All participants provided written informed consent before the start of the experiment. Nine
participants had to be excluded: one could not complete the experiment due to nausea;
three had to be excluded due to technical problems during data acquisition or noisy data;
and a further three were excluded due to poor performance (i.e., less than 50 % correct
responses, see catch trials below); and two participants were excluded as their happiness
ratings deviated more than 2.5 SD from the group mean average. Of those included: 29
participants were included in the neutral mood condition; 30 in the low approach positive
mood condition; and 31 in the high approach positive mood condition. The three groups
were balanced for age but not for gender ( M Neutral = 19.55 years, SD = 2.19, 18 females, M Low
approach positive

= 19.33 years, SD = 1.94, 19 females, MHigh approach positive = 20.1 years, SD = 3.54, 7

females 13).

General Procedure
Participants were instructed and underwent six practice trials before they rated their
current affective state using the Discrete Emotions Questionnaire (DEQ, C. Harmon-Jones,
Bastian, & Harmon-Jones, 2016), and an EEG resting state with closed eyes was recorded
for three minutes. These first measurements served as a mood rating baseline. Participants
13

Given this imbalance, we ran all subsequent analyses adding gender as a second between -subjects
factor. However, these analyses failed to reveal significant main or interaction effects involving gender.
Moreover, for each gender group separately, similar results (albeit trend significant only given the small
sample size) were found. Accordingly, statistical analyses run without this variable are presented in the
main text.
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then practised their visual imagery ability with the lemon exercise (E. A. Holmes et al.,
2008), before they completed the mood induction procedure. The DEQ was administered
again, before participants continued with the gambling task. The task consisted of three
blocks of 70 trials each with a short break in-between each block. During each break,
participants were informed about their current pay-off, and then the mood induction and
the DEQ were repeated.

Mood Induction Procedure
To change the mood state of the participants in a particular direction and content
specific way, we used a between-subjects design that combined two previously validated
experimental procedures. Via specific instructions, a mindset manipulation was carried out
(E. Harmon-Jones et al., 2008), together with an imagery procedure (Bakic et al., 2014; Paul
& Pourtois, 2017; Paul et al., 2017; Vanlessen et al., 2013). Affect congruent music was also
played during the mood induction procedure, and throughout the experiment, in order to
strengthen the specific mood state and maintain it during the execution of the gambling
task.

The

music

pieces

were

selected

from

an

online

database

(https://www.melodyloops.com/). A song called “the numbers” was played for the neutral
mood, “autumn song” was used for the low approach positive mood, and “world of heroic
adventures” for high approach positive mood. This imagery procedure capitalised on the
active and vivid imagination, as well as the re-experiencing of autobiographical memories,
whose content was neutral (neutral mood), positive (low approach motivation positive
mood), or characterised by the achievement of a future goal (high approach motivation
positive mood).
Prior to the actual mood induction, the experimenter first trained all participants in
multisensory imagery from their own perspective, with a standard four -step exercise
involving a lemon, i.e., holding, cutting, and smelling it (E. A. Holmes et al., 2008, 2006).
After this practice, instructions were given via a computer monitor without the
experimenter.. After participants decided on an appropriate personal experience, they were
given five minutes to describe the situation through typing. They were encouraged to
describe the situation in as many details as possible and to use the entire time allotted for
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it. Afterwards, they were asked to close their eyes for three minutes and try to imagine
themselves as vividly as possible in the situation they just described.
In the neutral mood condition, participants were instructed to describe a mundane
day in their life in which no overtly positive or negative event occurred. In the low approach
positive mood condition, participants were instructed to recall a situation that made them
feel very good about themselves. Instructions emphasised it should be an event that
happened to them, and did not result from something they did. In comparison, the high
approach positive mood group were instructed to describe an intended project that they
are going to accomplish someday and they have already started to work on. They were told
to describe the main steps involved in this project and the feelings of achievement. Such
specific instructions have been found to be efficient in altering approach motivation (E.
Harmon-Jones et al., 2008).
In order to maintain the effect of the mood induction throughout the experimental
session, not only was music played in the background (see above), but also repetitions of
this mood induction were introduced twice. These repetitions used the same instructions
as the main induction procedure provided at the beginning of the experiment. Participants
were asked to once again continue with their detailed description and close their eyes (only
for 90 seconds) to imagine themselves in that situation.
Table 7.1 Content of the reported memory. The neutral mood group described daily activities; the
positive low approach motivated group retrieved activities that primarily included a social
component; the positive high approach motivated group described university assignments,
preparations for personal achievements.
Neutral

Positive Low Approach

Positive High Approach

Morning
Routine
Commuting

64 %

Friends, Family

46 %

University Assignments

25 %

16 %

24 %

13 %

Develop a Skill
(Photography, Fitness…)
Creative Process (Painting,
Renovating)
Performance (Music,
Theatre…)
Preparation Vacation

26 %

University

Romantic
Situation
Confirmation,
Compliments
Holidays

10 %
9%

17%
11 %
9%
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Manipulation Checks
Subjective Ratings. To assess that the mood induction was effective, we used
subjective ratings provided at baseline and immediately after it. Six subscales of the
Discrete Emotions Questionnaire (DEQ, C. Harmon-Jones, Bastian, & Harmon-Jones, 2016),
namely happiness, desire, relaxation, anger, anxiety, and sadness, were used. Each of these
subscales consisted of four items answered on a seven point scale. Additional items asking
about arousal and determination were included too. The order of the items was alternated
across participants and each measurement point.
Frontal Alpha-Asymmetry. During the initial EEG resting state period, as well as during
the imagery within the subsequent mood induction sessions (lasting three minutes/90
seconds each), alpha power at pre-defined frontal sites was extracted and analysed. After
preprocessing (shown below), recordings were manually inspected in order to remove
segments containing artefacts, before overlapping epochs were generated (length 2
seconds, overlap 1 second). On average, 306 ( SD = 39.8) epochs were included for the
longer recordings at the beginning of the experiment, and 155 ( SD = 14.7) for the shorter
recordings corresponding to rehearsals of the mood induction. We computed the power
spectral density by applying a fast Fourier transform on the task data (spectopo function),
obtaining a dB converted estimation of relative power in a range of frequencies. Alpha
power was defined as an average in the 8-13 Hz range. Asymmetry (difference) scores were
computed as the natural log right - natural log left alpha power at F8/F7. Alpha power is
inversely related to cortical activity (Cook, O’Hara, Uijtdehaage, Mandelkern, & Leuchter,
1998). Greater left frontal activity (hence, lower left alpha power) is associated with
approach motivation, whereas greater right frontal activity is associated with avoidance
motivation (Coan & Allen, 2004; E. Harmon-Jones & Gable, 2018). Therefore, higher scores
on this asymmetry score indicate greater left relative to right hemispheric activity, and
thus higher approach motivation.
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Task
A variant of a previously validated gambling task was used (Hajcak et al., 2007; Paul
& Pourtois, 2017), see Figure 7.1. On each trial, participants chose one of three doors by
pressing with their right index finger a corresponding key on the keyboard. After a fixation
dot (800 ms), this choice was followed by either reward feedback (green “+”), indicating a
reward of $0.14, or no-reward feedback (red “o”). This feedback stayed on screen for
1000 ms. At the beginning of each trial, participants were informed about reward
probability with a visual cue (1000 ms). The cue was presented in the form of a small circle
filled one or two thirds in (black/white), indicating a reward probability of 33% or 66 %.
Feedback was only related to these objective reward probabilities and not the choices of
the participants; therefore, all participants ended up with a pre -set winning of $15.

Figure 7.1. Overview of the trial structure. At the beginning of each trial, participants were informed
about reward probability using a specific cue (either black or white part of the circle, 33 or 66 %).
After they chose one door, they received either monetary reward or no -reward feedback. In some
trials, participants also had to report the current reward probability after the visual cue was shown
and/or rate how much they expected the provided feedback expectations after receiving it.

To ensure that participants paid attention to the cue informing about reward
probability as well as the feedback, additional questions were occasionally asked (Catch
Trials). On 38 trials, they were asked about the current reward probability after they just
saw the visual cue (“How many doors do contain a prize?”). Participants responded by
pressing a number on the keyboard, either 1 or 2. On 38 different trials, they were asked
how much they actually expected to receive the provided feedback after having just
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received it, and they responded on a visual analogue scale (anchored with “not at all” and
“a lot”). On 12 other trials they were asked both questions. All stimuli were shown against
a grey background on a 23-inch LCD screen, and the experiment was implemented in
E-Prime (V 2.0.10, Psychology Software Tools Inc., Sharpsburg, PA).

Recording and Preprocessing of Electrophysiological Data
EEG was recorded using 64 electrodes positioned according to the 10 -10 EEG system.
To measure eye movements, additional electrodes were placed above and below the left
eye (vertical eye movements), as well as on the two canthi (horizontal eye movements).
Additional electrodes were placed on the mastoids for offline re-referencing. Signals were
recorded using a BioSemi Active Two System (BioSemi, Amsterdam, The Netherlands) with
ActiView software (version 7.06, BioSemi). EEG was sampled at 512 Hz and referenced
online to the common mode sense (CMS) and passive driven right leg (DRL) electrodes. The
EEG was preprocessed offline with EEGLAB 13.5.4b (Delorme & Makeig, 2004), implemented
in Matlab R2013b, and included a 0.03/35 Hz high/low pass filter and re -referencing to the
mastoids. Algorithmic Pre-Processing Line for EEG (APPLE, Cavanagh et al., 2017) was
applied to clean up the data, combining functions from the open source toolboxes FASTER
(Nolan et al., 2010) and EEGLAB with custom algorithms for automatically identifying the
most likely independent component associated with eye blinks, interpolating bad channels,
and removing bad epochs. On average 4.00 ( SD = 0.86) ICA components were removed and
3.90 (SD = 1.80) channels interpolated.
Feedback related epochs were extracted from -1000 to 2700 ms centred around the
feedback onset, and baseline corrected using the -250 to 0 ms interval before it. For each
subject, the EEG data corresponding to the four main experimental conditions were
extracted: Expected and unexpected feedback; reward and no-reward feedback. On average
6.09 % ( SD = 1.68) of epochs were rejected via APPLE (Cavanagh et al., 2017). To account for
different signal-to-noise ratios between conditions, a randomly sampled number of trials
of the more frequent expected conditions were selected and used to match the smaller
trial number available for the unexpected conditions ( M = 33.78, SD = 0.60).
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The RewP was quantified at Fz as the mean amplitude around the peak of the
difference between no-reward and reward feedback, between 230 and 280 ms post
feedback onset (Gheza, Paul, et al., 2018; Paul & Pourtois, 2017). The time frequency analysis
was done using EEGLAB built-in std_ersps function (2.4 to 21 cycles, 0.8 to 35 Hz, 180 logspaced frequencies, 300 time points per epoch). The -500 to -200 ms time interval before
feedback onset was used for baseline correction. FMθ activity (4 - 8 Hz) was defined as the
mean within 200 – 400 ms at Fz. This electrode position was chosen based on the local
maximum of the difference between no-reward and reward feedback for the mean voltage
or mean power values obtained (see Figures 4E and 5B), and previous EEG studies using
the same experimental procedure (Gheza, Paul, et al., 2018; Paul & Pourtois, 2017).

Data Analysis
For all analyses, the significance alpha cutoff was set to 0.05 (two -tailed). Data
analysis was carried out in JASP (0.8.2., Jasp Team 2017) and post-hoc analyses were
computed using SPSS (22, IBM statistics).
Manipulation Checks. A mixed model ANOVA with MOOD (neutral, low approach
positive, high approach positive) as between-subjects factor and TIME (four assessments:
baseline and three manipulations) as within-subjects factor was used, separately for each
scale and the frontal alpha-asymmetry index.
Catch Trials. For reward probability (cue), accuracy data was computed. The raw data
were first transformed into percentages of correct responses, and compared between
groups by means of a one-way ANOVA. For the feedback, expectedness ratings were first
transformed into percentage, arbitrarily setting one anchor to 0 and the othe r one to 100.
These accuracy data were analysed using separate mixed-model ANOVAs with the withinsubjects factors feedback VALENCE (reward or no-reward) and feedback EXPECTANCY
(expected or unexpected), and the between-subjects factor MOOD (neutral, low approach
positive, high approach positive).
EEG data. The amplitudes of the RewP and FMθ activity were analysed using
separate mixed-model ANOVAs with the within-subjects factors feedback VALENCE (reward
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or no-reward) and feedback EXPECTANCY (expected or unexpected), and the betweensubjects factor MOOD (neutral, low approach positive, high approach positive).

Results
Manipulation Checks
Subjective Ratings. The ANOVA run on the data for the happiness subscale of the DEQ
showed significant effects of TIME, F(3,261) = 6.27, p < .001, η² = .063, MOOD, F(2,87) = 7.04,

p = .001, η² = .14, and the interaction between them, F(6,261) = 3.45, p = .003, η² = .069. While
the three mood conditions did not differ at the baseline measurement (all ps ≥ .87),
participants in low approach positive and high approach positive moods reported more
happiness for all successive assessments compared to the neutral mood (all ps ≤ .063). The
low and high approach positive mood conditions did not differ from each other (all ps ≥
.16), see Figure 7.2.
The data for the relaxation subscale showed significant main effects of TIME,

F(3,261) = 4.37, p = .005, η² = .043, and MOOD, F(2,87) = 5.24, p = .007, η² = .11, as well as a
significant interaction between them, F(6,261) = 5.20, p < .001, η² = .10. While relaxation did
not change over the course of the experiment for the neutral and the low approach positive
moods (all ps ≥ .88), participants in high approach positive mood reported feeling less
relaxed after the first mood induction as well as all subsequent assessments compared to
the initial baseline period (all ps ≤ .002).
The ANOVA run on the data for the anxiety subscale of the DEQ revealed a significant
effect of TIME, F(3,261) = 9.25, p < .001, η² = .091, and a significant interaction between TIME
and MOOD, F(6,261) = 2.70, p = .015, η² = .053. While anxiety did not change over the course of
the experiment for neutral and high approach positive moods (all p s ≥ .28), participants in
low approach positive mood reported feeling less anxious after the first mood induction
as well as all successive evaluations compared to the initial baseline period (all ps ≤ .016).
For the desire, sadness, and anger subscales, no significant main or interaction effects were
found, Fs(6,261) ≤ 1.77, ps ≥ .11, η²s ≤ .039.
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The ANOVA run on the data for the determination item showed a significant effect of
MOOD, F (2,87) = 6.98, p = .002, η² = .15, as well as a significant interaction between TIME and
MOOD, F (6,261) = 4.85, p < .001, η² = .11. While determination did not differ between the three
moods at baseline (all ps ≥ .74), participants in high approach positive mood reported
feeling more determined for all successive time points compared to the neutral and low
approach moods (all p s ≤ .093). The ANOVA run on the arousal ratings did not show any
significant effect, F(6,261) ≤ .82, p ≥ .52, η² ≤ .021.
Frontal alpha-asymmetry. The ANOVA showed a significant effect of TIME, F (3,255) = 3.31,

p < .021, η² = .036, as well as significant interaction between TIME and MOOD, F(6,261) = 2.20,
p = .043, η² = .047. Post-hoc tests showed that neither the low approach positive mood nor
the neutral mood showed a change in frontal alpha asymmetry across the different
measurement points compared to the baseline measurement (all ps ≥ .45). By comparison,
participants in high approach positive mood showed greater left relative to right frontal
cortical activity after the first mood induction, as well as all subsequent mood rehearsals
compared to the baseline period (all ps ≤ .091), see Figure 7.2.
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Figure 7.2. Results of the manipulation checks. Subjective ratings and frontal alpha asymmetry are
shown separately for the neutral, low approach positive, and high approach positive moods as a
function of time, including the baseline measurement (BL) and three repetitions of the mood
induction. Participants in the low approach and high approach positive moods felt happier after
mood induction compared to the BL. In addition, participants in high approach positive mood
reported feeling less relaxed but more determined after the mood induction compared to the BL.
High approach motivation mood also showed increased left relative to right frontal cortical activity.
Error bars represent ± SEM.

Catch Trials
For reward probability (cue), accuracy was very high, with an average of 93.9 %
( SD = 12.8) of correct responses. The three mood conditions did not differ on this metric,

F(2,88) = 0.96, p = .39, η² = .022. For reward expectation (feedback), the ANOVA showed
significant main effects of feedback EXPECTANCY, F (1,87) = 39.9, p < .001, η ² = .28, and
feedback VALENCE, F (1,87) = 40.7, p < .001, η² = .32. The interaction between them was also
significant, F (1,87) = 6.35, p = .014, η² = .068, as was the interaction between feedback
EXPECTANCY and MOOD, F(2,87) = 8.61, p < .001, η² = .12. Expected feedback was rated to be
more expected than unexpected feedback ( p < .001), confirming the efficacy of the
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manipulation. Moreover, reward feedback was more expected than no-reward feedback
( p < .001), indicating an expectancy bias towards reward feedback, see Figure 7.3. The
significant interaction between MOOD and EXPECTANCY indicated that participants in
neutral mood did not differentiate between expected and unexpected feedback ( p = .22),
while participants in low approach positive ( p = .007) and high approach positive mood
( p < .001) showed a marked difference between these two conditions. No other effects
reached the level of significance, F(2,87) ≤ .35, p ≥ .71, η² ≤ .008).

Figure 7.3. Results of catch trials. (A) At the feedback level, ratings showed that participants we re
sensitive to reward probability and value, judging expected feedback more expected than
unexpected feedback, as well as reward feedback more expected than no -reward feedback.(B) The
high approach positive mood led to a sharp feedback expectation effect that was strongly
attenuated in the neutral mood. Error bars represent ± SEM.

EEG data
RewP. The ANOVA showed a significant main effect of feedback VALENCE, F(1,87) = 237, p
≤ .001, η² = .71, as well as a significant interaction between feedback VALENCE and MOOD,

F(2,87) = 4.94, p = .009, η² = .030. Reward feedback elicited a larger (more positive) RewP
component compared to no-reward feedback (p < .001). Although the RewP was always
larger for reward compared to no-reward feedback in all three mood conditions ( ps < .001),
the difference between reward and no-reward feedback was significantly the smallest for
the high approach positive condition compared to the neutral, t(58) = 2.94, p = .005, and the
low approach positive condition, t (59) = 2.09, p = .041, see Figure 7.4. Post-hoc tests showed
that low approach positive mood was characterised by the lowest RewP amplitude towards
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no-reward feedback compared to the high approach positive mood ( p = .007) and to
neutral mood ( p = .086), while the latter two did not differ from each other ( p = .32).
Similarly the reward RewP for rewards was smallest in low approach positive mood
compared to neutral mood ( p = .020) but not high approach positive mood ( p = .23), again
the latter two did not differ from each other ( p = .34). No other effects reached the level
of significance, F(2,87) ≤ 3.05, p ≥ .052, η² ≤ .066.

Figure 7.4. RewP Results. RewP was quantified as the mean amplitude 230-280 ms after feedback
onset (shaded area) at Fz. (A) Grand average ERPs plotted separately for reward and no-reward
feedback, as well as expected and unexpected one, showing that the RewP was clearly larger for
reward than for no-reward feedback. (B) No-reward and reward feedback shown separately for the
mood conditions. (C) The difference between reward and no-reward FB showed that for high
approach positive mood, a lower differentiation emerged between these two conditions compared
to the two other moods. (D) Averages (RewP) per mood condition and feedback condition. (E)
Topographical maps (horizontal view) of the difference between reward and no-reward feedback
for each mood condition separately, confirming a blunted reward response at the RewP level in high
approach positive mood. Error bars in (D) and colourful areas around the ERPs in (A) and (C)
represent the ± SEM.
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Figure 7.5. FMθ activity results. FMθ activity was defined as the mean between 200-400 ms at
electrode Fz. (A) FMθ activity was larger for no-reward compared to reward feedback, and
unexpected compared to expected feedback. (B) While all three mood conditions showed a larger
FMθ activity for unexpected compared to expected feedback when it was no -reward, this normal
expectation effect was substantially reduced in low approach positive and high approach positive
moods selectively.

FMθ. The ANOVA showed significant main effects of feedback EXPECTANCY, F(1,87) = 10.6,

p = 002, η² = .11, and feedback VALENCE , F(1,87) = 68.1, p < .001, η² = .44. The interaction
between VALENCE and EXPECTANCY approached the level of significance, F(2,87) = 3.47,

p = .066, η ² = .035, but importantly the three-way interaction between feedback
EXPECTANCY, VALENCE, and MOOD was also significant, F (2,87) = 3.82, p = .026, η² = .078. All
mood conditions showed a stronger FMθ activity in response to no-reward compared to
reward feedback (all ps ≤ .036). However, only participants in neutral mood showed a
similar expectation effect ( p = .001) for the reward outcomes. By comparison, neither low
approach positive mood ( p = .66), nor high approach positive mood ( p = .58) actually
showed increased FMθ activity for unexpected than expected feedback when this feedback
was rewarding, while this was the case for no-reward feedback (neutral: p = .058, low
approach positive mood: p = .057, high approach positive mood: p = .029,), see Figure 7.5.
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No other main effects or interaction approached the level of significance, Fs ≤ 0.37, ps ≥
.082, η²s ≤ .020.

Discussion
In this EEG experiment, we aimed to follow up on a previous study (Paul & Pourtois,
2017) where we explored the effects of positive mood on reward processing. We tested if
previously found changes in reward processing with positive mood at the EEG level (i.e.,
increased amplitude of the RewP component but blunted FMθ activity for unexpected
reward) could be explained by concurrent changes in approach motivational intensity with
this specific mood state. To this end, using a between-subjects design (n=90), we assessed
effects of approach motivation, aside from positive mood, on reward processing using the
same gambling task and EEG methods (Paul & Pourtois, 2017). Results showed a larger
RewP but smaller FMθ activity to reward compared to no-reward feedback, in agreement
with many previous EEG studies (Cavanagh, Figueroa, et al., 2012; Gheza, Paul, et al., 2018;
Holroyd & Coles, 2002; Holroyd et al., 2008; Mas-Herrero & Marco-Pallarés, 2014; Sambrook
& Goslin, 2015; San Martín, 2012; Ullsperger, Danielmeier, et al., 2014; M. M. W alsh &
Anderson, 2012). FMθ activity results replicated our previous findings (Paul & Pourtois,
2017), showing that positive mood reduced normal expectation effects at the feedback
level, for reward feedback. Contrary to our hypothesis, the RewP was not larger when
approach motivation was induced, but was actually significantly smaller compared to a
neutral mood control condition. This finding was somewhat surprising as we expected the
opposite effect based not only on our previous EEG study (Paul & Pourto is, 2017), but also
on a wealth of studies linking approach motivation to increased reward processing. For
example, an increased RewP has been linked to reward responsiveness, a concept that is
closely related to approach motivation (Bress & Hajcak, 2013; A. J. Cooper et al., 2014). Angus
et al. (2015) also reported in their study on anger, an increased RewP for affective states
characterised by high approach motivation. In order to explore this unexpected effect at
the RewP level further, we conducted a second experiment where EEG was omitted using
a new sample of participants. This time we focussed on how (reward-related) feedback
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could be perceived under high approach motivation compared to the two other moods. We
presumed that high approach motivation could produce a contrast effect, whereby the
monetary reward feedback after gambling in this task would be “devaluated” in this
specific mood, since it is not related to the actual goal activated (Brendl, Markman, &
Messner, 2003; Ferguson & Bargh, 2004; Wrosch, Scheier, Carver, & Schulz, 2003; Xu, Jin, &
Zhang, 2019). Albeit speculative, this interpretation could have explained the lower RewP
amplitude observed. To test this idea, we kept the same procedure but included additional
ratings that informed us about reward sensitivity (Bress & Hajcak, 2013; Umemoto &
Holroyd, 2017), reward expectation, reward importance (Osinsky, Ulrich, et al., 2017;
Walentowska et al., 2016), and perceived control (Mühlberger, Angus, Jonas, Harmon-Jones,
& Harmon-Jones, 2017). Our hypothesis was that the induction of high approach positive
mood could yield a feeling of increased control, as well as lower the importance of the
reward feedback at the subjective level. If confirmed, these results could help explain the
reduced RewP component seen with this specific mood at the EEG level in Experiment 1.

Experiment 2

Methods
Participants
Eighty-one undergraduate students, randomly assigned to one of three mood
conditions, were compensated with AU$15 for participating and won an additional AU$5
“bonus”. Six participants had to be excluded due to bad performance in the task (i.e., less
than 50 % correct responses to the catch trials). After these exclusions, 24 participants
were included in the neutral mood, 25 participants in the low approach positive, and 26 in
the high approach positive mood condition. The three mood conditions were balanced for
gender and age ( M Neutral = 22.71 years, SD = 3.36, 13 females, M Low approach positive = 23.04 years,

SD = 4.77, 18 females, M High approach positive = 23.38 years, SD = 4.28, 13 females).
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Task/Manipulation
The procedure was identical to Experiment 1, with the exception that a single task
block was administered. Compared to Experiment 1, we also added specific questions
assessing how participants perceived the reward and non-reward feedback at the
subjective level. The questions asked how rewarding, surprising, and important the symbols
used as feedback were, as well as how much participants liked, expected, and cared about
them. Other questions assessed the importance to win, the ease, perceived control, and
performance. The questions asked are detailed in Table 7.2. All ratings were answered on a
5-point scales ranging from “not at all” to “extremely”.
Table 7.2. Overview of the subjective ratings. Questions were asked separately for reward feedback,
no-reward feedback, and general questions regarding the experiment.







How rewarding was this symbol?
How much did you like receiving this symbol?
How important was this symbol for you?
How much did you care about receiving this symbol?
How much did you expect to receive this symbol?
How much were you surprised to receive this symbol?






How important was it for you to win during the experiment?
How easy was the experiment?
How well do you think you performed on the task?
How much do you think your door choices affected whether you won or lost the
round?
How much do you think you should have been paid for each trial?



Analyses
Similar to Experiment 1, the efficacy of the mood induction procedure was assessed
by means of mixed model ANOVAs with MOOD (neutral, low approach positive, high
approach positive) as a between-subjects factor and TIME (two assessments, baseline and
after the manipulation) as a within-subjects factor, for each emotion subscale separately.
The data obtained for the additional questions turned out to be skewed positively or
negatively. A log transformation was unable to normalize their distribution s. Given this, we
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used a non-parametric statistical test (i.e. Kruskal Wallis) to compare the three mood
groups along these variables.

Results
Manipulation Check
The ANOVA showed a significant interaction between TIME and MOOD for the
happiness subscale, F (2,72) = 4.02, p = .022, η² = .094, and the relaxation subscale,

F(2,72) = 4.96, p = .01, η² = .110, of the DEQ. This interaction was also significant for the
ratings of the feeling of determination, F(2,72) = 8.09, p = .001, η² = .18. No significant effects
were found for the arousal ratings, F (2,72) = 2.07, p = .13, η² = .053, anger, F(2,72) = .10, p = .91,

η² = .002, anxiety, F(2,72) = 1.45, p = .24, η² = .033, sadness, F(2,72) = 3.04, p = .054, η² = .077,
or desire, F(2,72) = 2.98, p = .057, η² = .075. Post-hoc tests showed that the three mood
conditions did not differ in their ratings at baseline (all p s ≥ .317), but did differ after the
mood induction. Participants in high approach positive mood reported feeling more
determined compared to participants in neutral and low approach positive moods (all ps ≤
.001). In addition, participants in high approach positive and low approach positive moods
reported higher levels of happiness compared to neutral mood (all p s < .013), whereas
these two former groups did not differ from each other ( p = .63). High approach positive
mood was accompanied by a drop in relaxation compared to low approach positive mood
(all ps ≤.039).

Feedback Evaluation
Surprise, H(2) = 6.03, p = .049, and importance, H (2) = 7.40, p = .025, were the only
dimensions showing a significant mood effect. Ratings about how much participants cared
about reward, H(2) = 5.23, p = .073, and evaluated them as rewarding, H(2) = 4.63, p = .099,
turned out to show marginally significant effects of mood only. No other rating approached
the level of significance, H(2) ≥ 3.920, p ≥.14. Participants in low approach positive ( p = .034)
and high approach positive moods ( p = .035) reported to be less surprised about reward
feedback than participants in neutral mood. Moreover, participants in high approach
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positive mood judged the reward feedback to be less important and they also cared less
about it compared to participants in neutral ( pimportance = .063, pcaring = .11) and low approach
positive moods ( p importance = .009, pcaring = .029). However, they also evaluated the reward
feedback to be more rewarding than participants in neutral ( p = .048) and low approach
positive moods ( p = .079), see Figure 7.6.

Figure 7.6. Results of subjective ratings of the feedback. While no-reward feedback did not differ
between the three moods along these affective dimensions, participants in high approach positive
mood rated to care less about the reward feedback that was also judged as less important comp ared
to the two other moods. Participants in low approach positive and high approach positive moods
reported to be less surprised by reward than participants in neutral mood.

Discussion
Results showed that positive mood, irrespective of the strength/amount of approach
motivational intensity, led to drop in how surprising reward was dealt with in this gambling
task. Moreover, high approach positive mood, compared to the two other moods, decreased
the importance of the reward feedback and made participants in this group to care less
about it. Although we should be cautious with interpreting these results, they suggest that
positive mood and approach motivation can exert dissociable effects on reward
expectation and value/importance in this gambling task (Eldar et al., 2016; Loewenstein &
Lerner, 2003; Mayer et al., 1992). More specifically, whilst positive mood appears to increase
reward expectations, approach motivation likely yields complex changes. Results suggest
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that the reward cue of the gambling task is processed as mildly important or relevant,
probably because the specific stimulus (i.e., low extrinsic reward, being goal irrelevant)
and the current mood content (i.e., high intrinsic reward value and enhanced goal
relevance) contrast with each other (Brendl et al., 2003; Ferguson & Bargh, 2004; Wrosch
et al., 2003; Xu et al., 2019). In the next section, we attempt to link these results with those
found at the subjective and EEG levels in Experiment 1.

General Discussion
In a previous EEG study (Paul & Pourtois, 2017), we found specific changes during
reward processing following the induction of positive mood. However, because positive
mood and approach motivation can co-vary, it remained unclear based on it alone what
eventually drove these changes. To disentangle effects of positive mood from approach
motivation on reward processing, we ran two experiments in which we combined a
gambling task (Hajcak et al., 2005, 2007) with affective state manipulations, measuring
reward processing at the EEG and behavioural levels, (Experiment 1) or behavioural level
only (Experiment 2). The specific mood of participants was altered by means of a mindset
manipulation combined with an imagery procedure. This procedure allowed us to induce
neutral mood or positive mood that was accompanied with either low or high approach
motivation. In Experiment 1, we partly replicated our previous results (Paul & Pourtois,
2017), as under positive mood and irrespective of approach motivation intensity, FMθ
activity did not differentiate if reward feedback was expected or not; FMθ activity was
clearly larger for unexpected compared to expected no-reward feedback following neutral
mood. Because this effect was equally strong in both positive mood conditions (compared
to a neutral mood control condition), and hence occurred irrespective of the approach
motivation intensity, this result suggests that positive affect (but not approach motivation)
likely changed reward expectation in a mood congruent way. Surprisingly, results of
Experiment 1 also showed that the RewP was substantially reduced for participants in high
approach motivated positive mood compared to the two other mood states. This result was
contra to our main hypotheses. We conjectured that high approach motivation could
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actually lower the putative value or importance of the feedback provided during gambling
for these participants, because of a contrast effect created between mood and value
(Brendl et al., 2003; Ferguson & Bargh, 2004; Wrosch et al., 2003; Xu et al., 2019) . We set
out Experiment 2 to test this assumption. Results of Experiment 2 confirmed that high
approach motivation led to a devaluation of the reward feedback during gambling .
Hereafter, we interpret the new findings of Experiments 1 and 2, and discuss their possible
implications for current models of reward processing in the context of existing literature.
In both experiments, our mood induction turned out to be successful, and we could
create three distinct mood states. In Experiment 1, this was confirmed by both subjec tive
ratings and frontal alpha asymmetry. Experiment 2 was corroborated by ratings alone. The
direction and nature of these effects were very similar between Experiments 1 and 2. By
combining a mindset manipulation (E. Harmon-Jones et al., 2008) with an imagery
procedure (Bakic et al., 2014; Paul & Pourtois, 2017; Paul et al., 2017; Vanlessen et al., 2013) ,
participants in the three mood groups differed from each other along both positive mood
and approach motivation intensity. More specifically, after the mood induction, participants
in both positive mood conditions (irrespective of approach motivation intensity) reported
feeling equally happier at the subjective level compared to participants in the neutral
mood group. However it is important to note that, only participants with positive high
approach mood reported feeling more determined (and less relaxed) than those included
in the two other mood groups. Only these approach-motivated participants showed
increased left, relative to right, frontal activity after mood induction, corroborating the
assumption that approach motivation was increased (Coan & Allen, 2004; E. Harmon-Jones,
Gable, & Peterson, 2010; E. E. Smith et al., 2016). Therefore, we could compare reward
processing at the subjective and EEG levels when either positive mo od or approach
motivation was carefully considered, with the goal to assess whether similar or dissociable
effects between them were found.
Replicating our previous results for FMθ activity (Paul & Pourtois, 2017), we found that
participants in both positive mood conditions (irrespective of approach motivation
intensity) did not differentiate if reward feedback was unexpected or not, while they clearly
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did so when the outcome turned out to be no-reward. More specifically, in both mood
groups, the normal increase of FMθ activity for unexpected reward was merely absent – as
if this unexpected event was actually expected. Tentatively, this neurophysiological effect
could translate an optimistic bias in these two mood groups characterised by enhanced
positive mood (Eldar et al., 2016; Loewenstein & Lerner, 2003; Wright & Bower, 1992) . When
brought together with our previous EEG results (Paul & Pourtois, 2017), these new findings
confirm that positive mood, and not just approach motivation, is likely the underlying factor
responsible for this specific change during reward processing. Positive mood can alter the
processing of reward (positive) prediction error signals, which are instrumental to (de)code
the degree of mismatch between the actual and expected outcome (Holroyd & Coles, 2002;
Sambrook & Goslin, 2015; Schultz, 2015; Schultz et al., 1997; Ullsperger, Fischer, et al., 2014;
M. M. Walsh & Anderson, 2012). Results of Experiment 2 also lent indirect support to this
interpretation. Ratings showed that positive mood altered reward expectation, as
participants of both positive mood conditions reported to be less surprised about re ward
compared to participants in neutral mood. Therefore, the optimistic bias likely created by
positive mood can be traced by systematic changes in FMθ activity, making this
neurophysiological marker a valid tool to explore mood (in)congruency effects dur ing the
processing of incentives (Eldar et al., 2016; Loewenstein & Lerner, 2003; Mayer et al., 1992;
Sharot et al., 2011). By comparison, approach motivation did not appear to produce
distinctive changes in FMθ activity in our study. FMθ activity is generally thought to reflect
the transient “need for cognitive control” upon the detection of challenges (Cavanagh,
Eisenberg, Guitart-Masip, Huys, & Frank, 2013; Cavanagh & Frank, 2014; Cavanagh,
Zambrano-Vazquez, et al., 2012; Swart et al., 2018). FMθ activity could also reflect the
integration of cognitive control with more abstract motivational or affective processes
(Cavanagh et al., 2013; Swart et al., 2018). If FMθ activity reflects the swift integration of
affective information with cognitive control, then positive mood, rather than appro ach
motivation, is modulating this specific integration carried out by the dACC (Gendolla,
Brinkmann, & Richter, 2007; Schwarz & Clore, 2003).
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In addition, we found that approach motivation, but not positive mood, altered the
RewP component, albeit in an unexpected direction. Based on our previous EEG study (Paul
& Pourtois, 2017) and previous research on approach motivation and reward sensitivity, we
expected that an increase in approach motivation would lead to a larger RewP component
(Angus et al., 2015; Bress & Hajcak, 2013; A. J. Cooper et al., 2014; Threadgill & Gable, 2016) .
However, ERP results of Experiment 1 were clearly contrary to this hypothesis. Although we
failed to confirm it, it is important to note that the RewP component recorded in
Experiment 1 was not abnormal or unusual. On the contrary, the amplitude of the RewP
was clearly larger for reward compared to no-reward feedback (Cavanagh, Figueroa, et al.,
2012; Gheza, Paul, et al., 2018; Holroyd & Coles, 2002; Holroyd et al., 2008; Mas -Herrero &
Marco-Pallarés, 2014; Sambrook & Goslin, 2015; San Martín, 2012; Ullsperger, Danielmeier,
et al., 2014; M. M. Walsh & Anderson, 2012). However, this effect was dramatically reduced
for participants in the high approach motivated positive mood group. Interestingly, results
of Experiment 2 suggested that when experiencing this specific mood state, the
(motivational) salience of monetary reward was actually decreased compared to the two
other mood states. Participants in the high approach positive condition reported caring
less about reward, rating it less important compared to the other two groups. Although we
did not record EEG in Experiment 2, and could therefore not relate directly this change at
the subjective level with a change in reward processing at the RewP level, we have some
reasons to believe that this lower RewP in Experiment 1 could relate to specific
motivational changes. It has been reported before that the activation of an important goal
can lead to processes that devalue goal-irrelevant information (Brendl et al., 2003;
Ferguson & Bargh, 2004). Previous EEG studies have already reported a reduced RewP
component for evaluative feedback that is less, or only weakly, goal-relevant for
participants (Osinsky, Ulrich, et al., 2017; Walentowska et al., 2016). In this context, it seems
plausible to argue that increasing approach motivation, as done here in this study using
the activation of an external goal during mood induction, actually caused a contrast effect
between the small monetary rewards delivered before and after gambling (Brendl et al.,
2003; Ferguson & Bargh, 2004; Wrosch et al., 2003; Xu et al., 2019). This contrast stems
from a possible mismatch between the personally relevant, intrinsic, and distant goal
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evoked by the mindset induction, and the weak salience of the proximal goal to win a small
amount of money during gambling. Caution is needed however in this interpretation as the
mindset manipulation used here has been shown to produce changes in behaviour in
different contexts and tasks, including preference judgements for chosen alternatives (E.
Harmon-Jones & Harmon-Jones, 2002; E. Harmon-Jones et al., 2008), aggressive
inclinations (E. Harmon-Jones & Peterson, 2008), and perceived control (Gollwitzer &
Kinney, 1989). The link between amplitude variations of the RewP and goal relevance, as
we propose here, has also been substantiated by earlier EEG studies where monetary
reward (vs. no-reward or loss) was primed, and thus the pre-goal (motivational) state and
the task goal were in close proximity togther, resulting in an increased RewP component
(Osinsky, Ulrich, et al., 2017; Threadgill & Gable, 2016, 2018). By comparison, in this study it
is likely that the pre-goal state activated by the mood induction procedure in the high
approach positive mood was fairly distant, even opposite, to the proximal task goal. This
then lead to reduced sensitivity for reward after gambling at both the EEG and subjective
levels. Overall, our new results bring together the assumptions that reward processing, and
more generally performance monitoring that strongly relies on it, is highly flexible (in the
sense that goals are shaped by the current mood state and affective context), whereby
apparent mismatches between actions/values (or feedback) and intentions or goals are
processed in a graded and adaptive fashion (Ullsperger, Danielmeier, et al., 2014).
Because effects of positive mood and approach motivation on reward processing are
different, our new results also add to growing psychophysiology and neuroscience
literature that suggest that FMθ activity and the RewP ERP component capture dissociable
processes during reward processing, even though they probably share a common
neurobiological ground in the dACC. While positive mood changed reward expectation in a
mood-congruent way, as reflected by FMθ activity, approach motivation blurred reward
processing, as shown by a lower amplitude of the RewP component. This dissociation
between the RewP component and FMθ activity is consistent with earlier EEG findings in
existing literature (Cavanagh et al., 2010; Cavanagh, Zambrano-Vazquez, et al., 2012; Cohen
et al., 2007): The RewP has mostly been linked to the processing of a signed reward
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prediction error, where it is usually elicited for better-than-expected outcome. In
comparison, FMθ activity seems to be sensitive to salience and expectancy in general, hence
increasing power for unsigned reward prediction error, where it is larger for outcomes
either worse- or better-than-expected (Hajihosseini & Holroyd, 2013; Osinsky et al., 2016).
When this is applied to our EEG results, it is therefore feasible that positive mood
influenced reward expectation, as well as the need for cognitive control during reward
processing, whereas reward sensitivity at the RewP component level (Proudfit, 2015) was
influenced by approach motivation.
To conclude, our study informs about an intriguing dissociation between positive
mood and approach motivation during reward processing. Our results show that reward
processing brain mechanisms are highly flexible. Contextual factors, related to the current
affective or motivational state of the participant, are seen to be swiftly processed and
integrated to yield adaptive neural responses when mismatches between goals and actions
unexpectedly occur. Whereas positive mood increases reward expectation with effects
visible at the FMθ level, (pre-goal) approach motivation lowers reward sensitivity at the
RewP level. Accordingly, the encounter of positive mood likely unlocks an optimistic bias
during gambling, whereby unexpected reward is no longer surprising under this specific
mood state. By comparison, a high approach motivation state happens to reduce the impact
of reward during gambling, likely because this event is only proximally related to the
current goals and concerns activated by this specific mood state.
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Supplementary Analyses
Different Markers of PM
In the context of PM, not only were the FRN/RewP components and variations in FMθ
studied, slower oscillations were too. In the time-domain, this is covered by analyses on
the P300 component and in the frequency domain by variations within the delta band (1 -4
Hz). While FRN/ FMθ modulations are thought to reflect RPE, these slower modulations are
mainly sensitive to the salience of rewards (Bernat et al., 2015; Kreussel et al., 2012; Leicht
et al., 2013; Sato et al., 2005). To provide a complete picture, we applied all previously
reported analyses to these components of PM as well. The P300 component was quantified
at Pz at a mean amplitude between 300 and 400 ms after FB. Delta band power activity
(0.8 – 3.9 Hz) was defined as the mean amplitude within 200–400 ms at a set of parietal
sites (CPz, CP1, CP2, CP3, CP4) (see Gheza, Raedt, Baeken, & Pourtois (2018) for identical
definitions). We ran separate repeated measures ANOVAs with the within-subject factors
feedback VALENCE (reward or no-reward feedback), feedback EXPECTANCY (expected or
unexpected), and the MOOD (neutral, low approach positive, high approach positive) as
between-subjects factors.

Sup. Figure 7.1. P300 Results. The P300 component was quantified as the mean amplitude 300400 ms after feedback onset (shaded area) at Pz. (A) ERPs plotted separately for reward and no reward feedback and the three mood conditions, showing that the P300 was larger for reward
compared to no-reward feedback. (B) Averages per mood and feedback condition. Error bars
represent the ± SEM. (C) Topographical plot of the difference between reward and no -rewards.
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Calculating an ANOVA on the mean P300 amplitudes we found a significant main
effect of FB EXPECTANCY, F(1,87) = 17.50 p < 001, η ² = .17, and FB VALENCE, F (1,87) = 30.7,

p < .001, η ² = .26) No other effects or interactions with mood were significant. Fs ≤ 1.077,
ps ≥.35, η²s ≤ .024. P300 amplitudes were larger for reward, compared to no -reward FB
(p < .001) and unexpected, compared to expected FB (p < .001).

Supplementary Figure 7.2. Delta power results. Delta activity was defined as the mean between 200400 ms at a posterior-central electrode cluster including CPz, CP1/2, CP3/4. (A+B) Delta activity was
larger for no-reward compared to reward feedback and unexpected compared to expected feedback
(although not significant, this latter effect was mainly driven by modulation to no -reward
feedback). Error bars represent ± SEM. (C) Topographical plots showing that delta activity was l arger
for reward compared to no-reward feedback.

Using an ANOVA on delta power activity we found a significant main effect of FB
EXPECTANCY, F(1,87)=15.13, p < 001, η² = .15, FB VALENCE, F(1,87) = 5.34, p = .023, η² = .058, and
the interaction of both approached the level of significance, F(1,87)=3.47, p = .066, η² = .037,
but no other effects or interactions with the affective condition were significant, Fs ≤ 1.44,

ps ≥.24, η²s ≤ .031. Delta Power was larger for reward, compared to no-reward FB ( p = .032)
and unexpected, compared to expected FB ( p < .001).
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Anticipatory ERPs
The most common studied ERP in the context of (reward) anticipation is the Stimulus
Preceding Negativity (SPN), a negative polarity slow wave component at fronto -central
sites (Brunia et al., 2011), that occurs while participants await feedback (after a response).
The SPN seems to be related to unresolved expectations, as unpredictable outcomes lead
to a stronger SPN (Catena et al., 2012; Donkers & van Boxtel, 2005; Fuentemilla et al., 2013;
Morís et al., 2013). Interestingly, the SPN seems to capture motivational saliency as larger
amplitudes have been found in possible gain or loss trials compared to no -gain trials
(Kotani et al., 2001, 2003; B. K. Novak et al., 2016; K. D. Novak & Foti, 2015; Ohgami et al.,
2006; Pornpattananangkul & Nusslock, 2015). The SPN component was extracted at the
fronto-central electrode positions (within an electrode cluster of FCz, Cz, Fz, FC3/4, FC1/2)
during the 200 ms time period prior to feedback onset (relative to the -500 to -200 ms
interval before response onset). Again, a mixed-model ANOVA with MOOD (neutral, low
approach positive, high approach positive) as between-subjects factor and the REWARD
PROBABILITY (low or high) as within-subject factor was used.

Supplementary Figure 7.3. Reward Anticipation. The SPN component was larger for trials with a high
reward probability compared to trials with low reward probability for participants in the neutral
and the low approach positive mood. Participants in high approach positive mood did not
differentiate between the conditions. Shaded areas around the ERPs indicate ± SEM. The
topographical plots represent the difference between high and low reward probability trials within
the time window of the SPN.

Using an ANOVA on the mean SPN amplitudes we found no significant main effect of
REWARD PROBABILITY, F(1,86)=2.15, p = .15, η² = .022, or MOOD, F(2,86) =0.94, p = .39, η² = .021,
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but the interaction of both, F(2,86)= 5.10, p = .008, η² = .11. Post-hoc tests showed that for the
neutral mood the SPN was larger, that is, more negative for high reward probability trials
compared to low reward probability trials ( p = .021), This pattern was less obvious for
participants in low approach positive mood ( p = .067), and (although not significant)
reversed for participants in high approach positive mood ( p = .082).
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GENERAL DISCUSSION
Clumsy me stumbled. Gravel on my knees and palms. He
helped me up. Looked at me with a terribly captivating
smile, caressed my chin and we laughed. I knew: It is
okay. All will be good. Let´s have ice cream; he said and
read my mind.

Over the last four years, I have listened to many cheerful, exciting and passionate
stories. This is a short excerpt of one of these stories that I heard from one of my subjects.
It nicely captures the positive mood the girl felt when she went out with her loved one. It
also shows how easily she got over a seemingly embarrassing situation, how she remained
joyful and finished with a rewarding, happy-ending. This fragment is a good example of
the topic studied in the current thesis, this is, how do participants in a positive mood react
when their behavior or consequences do not go as expected? Although the field
acknowledges the crucial role of performance monitoring for goal adaptive b ehaviour
(Botvinick et al., 2001; Ullsperger, Danielmeier, et al., 2014), not many studies have tested
the effects of positive mood on this important process so far. To fill this gap, the current
PhD thesis systematically tested the effects of positive mood on neurophysiological
markers of error monitoring and reward processing in a series of well-controlled
experiments. In this last chapter, I aim to integrate the obtained knowledge. Firstly, the
results of the previous experimental chapters are summarized, discussed and related to
each other. Then based on this integration, some possible theoretical implications are
drawn and outlined. Finally, limitations, open questions, and future directions are
addressed.

Summary of Main Findings
This summary is structured into four sections, according to the main findings of the
six experimental chapters forming the bulk of the thesis. The first section provides a closer
look at the actual mood change and content elicited by the elected induction procedure.
This is followed by two sections where we provide a review of the findings from Chapters
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3-7. These results are the core of the current thesis, as these experiments tested the effects
of positive mood on performance monitoring. This was done at two different levels. First,
we assessed possible changes during error monitoring as a function of positive mood, i.e.
the processing of internal or motor-based cues that enables us to assess if a given action
is correct or not (Chapters 3 & 4). The second one describes effects of positive mood on
reward processing, hence external evaluative feedback that informed about the outcome
of simple gambling choices (Chapters 5-7). Finally, the last section highlights some
methodological considerations about the use of event-related-potentials (ERPs) and time
frequency analyses of the EEG signal.

Guided Imagery induces a specific positive mood
In four chapters (Chapters 3-5, 7), we manipulated the current mood state of our
participants with a mood induction procedure (MIP) that combined the recall of a personal
memory with a (guided) imagery procedure. In all these experiments, the mood induction
procedure turned out to be a powerful tool to increase positive affect substantially. This
MIP was selective, as it changed positive but not negative affect. Participants reported
increased feelings of happiness and pleasantness, without any change in sadness or
anxiety. This result accords well with the notion of two relatively independent dimensions
for affect; one capturing positive and the other one negative affect (Watson et al., 1988).
However, participants repeatedly reported increased levels of arousal at the subjective
level (Chapters 3 - 5), similar to previous studies using non-verbal reports in the past and
based on the same MIP (Bakic et al., 2015, 2014, Vanlessen et al., 2015, 2014). Intriguingly,
although subjects reported to feel more aroused, these changes were not consistent with
changes in the physiological markers of arousal, suggesting a dissociation between them.
Skin conductance levels, a valid marker of the autonomous nervous system (ANS) activity
(Boucsein, 2012), were not increased when participants experienced positive mood
compared to neutral mood (Chapters 3 & 5). Although this dissociation between subjective
reports and physiological measurements of arousal remains somewhat hard to explain
right away, it helps to better characterize the specific mood state induced by this MIP in
these experiments. It is likely that the MIP triggered genuine joy or pleasure (i.e. a state of
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well-being characterized by contentment), as opposed to other positive mood states , such
as bliss, euphoria or serenity, for which arousal related changes in the ANS are more likely
to be observed (Christie & Friedman, 2004; Shiota, Neufeld, Yeung, Moser & Perea, 2011).
On the other hand, the lack of coherence between subjective and physiological
measurements of arousal is not new, but has been repeatedly reported for various
emotions in the past (Mauss, Levenson, McCarter, Wilhelm, & Gross, 2005; Venables &
Christie, 1980). In the current thesis, participants in positive mood clearly reported higher
levels of arousal, as if they felt more active, excited, awake or stimulated following the
MIP (Bradley & Lang, 1994), even though there was no change at the physiological level.
Arousal is an important component of positive affect however, and is usually measured as
such (as assessed with the PANAS for example; Watson et al., 1988). Instead of treating
positive mood and arousal separately, arousal could actually be crucial for the experience
of positive affect. According to the “broaden and build” theory of positive affect
(Fredrickson, 2001, 2004, 2013), positive mood not only broadens attention and cognition,
but expands the momentary thought–action repertoire, which contributes to building longterm personal resources, that can be social, intellectual or physical in nature. Accordingly,
“positive” energetic arousal (activation, wakefulness), as opposed to negative “tense”
arousal (fearfulness, restless; Schimmack & Reisenzein, 2002; Thayer, 1986), could actually
reflect this “build” component of positive affect, which is then used as an important
resource for cognition, behaviour and health.
Additionally, the content of the recalled memories by the participants during the MIP
provides additional valuable details that help characterizing the specific mood state
induced. As the instructions were relatively broad and only required recalling an event
where participants felt happy, many different situations were reported. These situations
included emotions such as affection, love, enthusiasm, amusement, pride and satisfaction.
Notwithstanding this variability, it is striking that in all studies where the MIP was used
(Chapters 3-5, 7), participants by far most frequently recalled social activities with friends,
family or significant others. This was followed by situations where the participants
experienced success or endorsement (e.g. at work, university, sport competition), or
220

Summary of Main Findings - Chapter 8
situations where participants enjoyed the activity itself (e.g. holidays, festivals, creative
exercise). This dominance of memories with a social and inter-personal component during
the encounter of happy mood is not trivial, but probably related to the importance of social
interactions in building and fostering well-being (Shiota et al., 2014; Trezza, Campolongo,
& Vanderschuren, 2011). Because social interactions help us attain, maintain, and
communicate social status and promote bonding, they are a genuine source of happin ess
(Leary, 2007; Shiota et al., 2014).
When it comes to the interpretation of the neurophysiological and behavioural results
presented in the next section, it is therefore important to bear in mind that the MIP elicited
a positive mood that encompassed a very specific mood state that was characterized by
high feelings of activation or energy (“build” effect), usually elicited within a social context.

Positive mood reduces the motivational significance of response errors
To test the effects of positive mood on error monitoring, in Chapter 3, we combined
the MIP with a speeded Go/No-Go task (Aarts, De Houwer, et al., 2013; Pourtois, 2011; Vocat
et al., 2008). Due to a stringent response deadline, participants committed a substantial
number of response errors, i.e. overt responses to No-Go trials, within a relatively short
time. At the EEG level, the processing of these response errors could be captured with two
well-documented ERP components: first, the error related negativity (ERN), followed by
the error positivity (Pe). Where the ERN component reflects the early, perhaps automatic,
detection of a discrepancy (in terms of motor representations) between the incorrectly
executed, and the correctly desired or intended action (Coles et al., 2001; Gehring et al.,
1993), the subsequent Pe is usually related to the conscious appraisal of response errors
and/or to the processing of their enhanced or distinctive motivational significance
(Falkenstein, Hoormann, & Hohnsbein, 1999; Koban & Pourtois, 2014; Nieuwenhuis,
Ridderinkhof, Blom, Band, & Kok, 2001; Ridderinkhof, Ramautar, & Wijnen, 2009) . Hence, the
ERN and Pe likely reflect two distinctive processes during error monitoring. Importantly,
positive mood seemed to decrease only the Pe component, but not the ERN component that
was neither reduced nor increased during this specific mood state compared to neutral
mood. Importantly, participants in positive mood did not react slower or were more error
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prone compared to participants in neutral mood. Hence, the neurophysiological results of
Chapter 3 indicated that positive mood did not interfere with error monitoring per se, as
incorrect actions were still detected as such (ERN), but that their motivational significance
or negative connotation was reduced (Pe). However, this evidence obtained with ERPs was
indirect only, and we sought to get another confirmation that response errors were truly
processed as different and probably less salient or negative in positive compared to neutral
mood. Consequently, Chapter 4 tested if positive mood changed the affective or
motivational meaning of errors, using behavioural methods and an implicit measure. For
this purpose, we carried out a behavioural experiment, where the Go/No-Go task was
interleaved with a word-evaluation task (Aarts et al., 2012; De Saedeleer & Pourtois, 2016).
This way, errors (or correct responses) served as a prime, which facilitated (or impeded)
the evaluation of the upcoming affective word. Two important effects could be calculated
with this procedure. First, a priming effect, i.e. when negative words were evaluated faster
after an action that matched the negative value, namely a response error, compared to an
action with a contrasting positive value, namely a correct response; Aarts et al., 2012; Aarts,
De Houwer, et al., 2013). The second effect was the post-error slowing, i.e. the systematic
slowing down of reaction time on the trial immediately following error commission
(Rabbitt, 1966). Importantly, whereas the first effect informed about the affective
processing of response errors as negative events, post error slowing informs about their
distinctive motivational or attentional processing. Results of Chapter 4 showed that
positive mood did not alter the priming effect. This null finding, which was confirmed by
Bayes-factors analyses, suggested that response errors were processed as negative events
by participants in positive mood, similar to participants in neutral mood. However,
increased levels of reported happiness were associated with a decrease in post -error
slowing, and this result was obtained when controlling for concurrent changes in arousal.
In other words, after a response error, participants in positive mood tended to slow down
less than participants in neutral mood. Although this result might suggest that positive
mood interfered with performance monitoring or cognitive control (Botvinick et al., 2001;
Laming, 1979; Ridderinkhof, 2004). Recent accounts point out that post-error slowing is not
necessarily adaptive, as it does not lead to better performance on the subsequent trial
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(Carp & Compton, 2009; Danielmeier & Ullsperger, 2011). Alternatively, post-error slowing
has been related to attention orienting to response errors, given that they are usually
deviant (unexpected) in the trial series (Notebaert et al., 2009; Purcell & Kiani, 2016;
Ullsperger & Danielmeier, 2016). Accordingly, combined together with the decreased Pe
component found in Chapter 3, the results of Chapter 4 suggested that positive mood did
not interfere with the early detection of response errors and the actual processing of these
actions as negative events. Instead, positive mood seemed to decrease specifically their
motivational significance .

Positive mood induces optimistically biased expectations
In Chapter 2, as well as chapters 5-7, we used a simple gambling task (Doors Task;
Hajcak et al., 2005), where reward probability was manipulated on a trial by trial basis.
This procedure is suited to study the processing of external feedback (and its possible
change by positive mood), here being either rewarding or not-rewarding. At the ERP level,
we can compute and explore the feedback-related-negativity (FRN) component. The FRN is
typically larger for negative compared to positive outcomes, and for unexpected compared
to expected outcomes (Holroyd & Coles, 2002; Sambrook & Goslin, 2015; San Martín, 2012;
Ullsperger, Danielmeier, et al., 2014; M. M. Walsh & Anderson, 2012). Nevertheless, whether
this ERP activity is specific for negative events or instead reflects the lack of reward
processing, has been raised in the literature, and some authors have suggested that these
amplitude modulations likely originate from a superimposed ERP component, called the
reward positivity (RewP), which is associated with better-than-expected outcomes
(Holroyd et al., 2008; Proudfit, 2015). Moreover, in the time-frequency domain, additional
effects can be evidenced during evaluative feedback processing, which cannot be revealed
using a classical ERP analysis (Fell et al., 2004; Makeig et al., 2002). In the context of
performance monitoring, fronto-medial oscillatory theta activity (4 – 8 Hz, FMθ) has been
put forward as a valid marker of cognitive control, typically increasing for challenging
situations for the participants including better-, or worse-than-expected outcomes
(Cavanagh, Figueroa, et al., 2012; Hajihosseini & Holroyd, 2013; Hauser et al., 2014; Mas Herrero & Marco-Pallarés, 2014). To examine the possible modulatory effects on positive
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mood on reward processing and expectation, we used and computed these different
electrophysiological markers.
First, in Chapter 2, the neurophysiology of reward processing was carefully examined
without any concurrent mood change, based on the Doors task. More specifically, we tested
an important prediction, namely that reward and no-reward processes can be
differentiated at the neurophysiological level. To test this assumption, we not only
compared reward vs. no-reward processing at one or a limited number of fronto-central
electrodes (as usually done in the existing literature), but considered the entire
topographical representation (i.e. all 64 channels) of the data set, in order to compute and
estimate the intracranial generators of the effects observed at the scalp level. We found
support for the existence of two (spatially and temporally) dissociable networks during
feedback processing. The first one was primarily driven by no-reward feedback. The source
of this network was estimated in the dACC, which met many of the electrophysiological
criteria defining the FRN component. The second one competed with the first one, and was
primarily reward-related (as well as sensitive to expectancy), and shared many similarities
with the RewP component. There were two important implications of these results. First, it
showed that the use of a difference wave between reward and no -reward is precarious.
Because reward and no-reward were associated with dissociable effects, focusing right
away on their difference might reveal spurious effects. It also appeared more valid to
assess each of them separately at the neurophysiological level. This outcome challe nged
the common approach in the field, which suggests the usage of difference waves as the
gold-standard in ERP research in general (Luck, 2005b), and specifically for the FRN/RewP
(Krigolson, 2018). Secondly, these results also showed that since reward and no-reward
brain processes are qualitatively different from each other, they might be differently
modulated by affective or motivational components. For example, in a positive mood state,
mood congruency effects could increase reward processing or reduce no-reward processing
exclusively, or trigger both simultaneously. To tease these different effects apart, in
Chapters 5-7, we considered the modulation of positive mood or approach motivation
separately for these two processes.
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In Chapter 5, we found that, compared to neutral mood, positive mood increased the
FRN component for no-reward feedback and increased the RewP for reward feedback.
Positive mood was also seen to stunt FMθ activity for reward feedback when the reward
was unexpected. Participants in the neutral mood group showed a larger FMθ response for
unexpected outcomes compared to expected ones, irrespective of their valence. By
comparison, participants in the positive mood group showed this response for the no reward feedback only. Interestingly, when the feedback was reward -related, the normal
boost of FMθ for unexpected rewards, compared to expected ones, was absent. In other
words, these participants appeared to treat unexpected reward as expected. These
neurophysiological results suggested that under positive mood, reward expectancy was
artificially increased, as if an optimistic bias was present in this specific mood state (Mayer
et al., 1992; Sharot et al., 2011; Wright & Bower, 1992).
These results showed for the first time that an optimistic bias, as induced with
positive mood, could translate into specific neurophysiological changes during reward
processing. However, the methodology of Chapter 5 did not allow us to disentangle the
effects of affective valence from increased approach motivation. This was potentially a
serious concern since approach motivation usually co-varies with positive mood and vice
versa (Gable & Harmon-Jones, 2010; Higgins, 2001). To address this concern, the last two
empirical chapters of this thesis focussed on disentangling the specific contribution of
positive mood in approach motivation to reward processing, using the same EEG methods
used in Chapter 5. As a first step, in Chapter 6, we replaced the state manipulation of mood
with a basic manipulation of motivation by including and comparing high vs. low magnitude
rewards in the experiment. Although this manipulation was very basic, and the
experimental procedure was identical for these two conditions, the neurophysiological
results showed that reward processing was profoundly affected by it. Strikingly, the
obtained results also mirrored those reported in Chapter 5. That is, when more money was
at stake the RewP response to rewards was enhanced; FRN and FMθ were also enhanced
to no-rewards. Furthermore, in this condition, FMθ activity did not discriminate between
rewards being expected or not. Moreover, ratings showed increased feelings of happiness
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and pleasantness in large, compared to small, magnitude blocks. When combined together,
these EEG results suggested that the influence of positive mood on reward processing
could very well be explained by a concurrent change in specific motivation processes.
However, this conclusion required validation at the empirical level because neither Chapter
5 nor Chapter 6 enabled us to contrast positive mood to approach motivation directly
during reward processing. Although Chapter 5 aimed at changing positive mood selectively,
Chapter 6 aimed to increase approach motivation by means of reward magnitude. It is likely
that both dimensions (mood and motivation) were influenced by the elected manipulation
each time (MIP in Chapter 5 and reward magnitude in Chapter 6).
To disentangle the effects of positive mood from approach motivation, Chapter 7
provided a factorial design where these two dimensions were manipulated concurrently.
By comparing reward processing between three groups (a positive affective state high in
approach motivation, a positive state low in approach motivation, and a neutral control
condition), we could show that the previously found changes in FMθ activity (Chapter 5)
were not easily explained by a concurrent change in approach motivation. Both positive
affective groups, irrespective of their motivational intensity, showed a blunted
differentiation across expected and unexpected reward conditions at the FMθ level.
Although this result suggested that FMθ activity was mainly influenced by positive mood
and not by approach motivation, a different and more complex picture emerged when
considering the ERP components. Replicating our previous results (Chapter 5), participants
with positive mood showed a larger (more negative) FRN amplitude for no -reward
feedback compared to the neutral group. However, participants in the high approach
motivation positive affect condition actually showed the opposite effect, which was rather
unexpected: Specifically, their ERP components differentiated less between reward and noreward compared to the other two groups. To explore this unexpected outcome, we carried
out a follow-up behavioural experiment. We reasoned that this result could probably be
explained by a contrast effect created between the highly salient personal goal active
(following the MIP), and the small monetary reward offered now and then. In other words,
we hypothesized that the decreased feedback processing seen at the ERP level in the high
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approach motivation group could reflect a complex motivation effect, whereby (phasic)
reward processing was decreased as it was overshadowed somehow by a more important
or salient goal.
Altogether, the results of three studies (Chapter 5 - 7) showed that positive mood
(rather than approach motivation per se) could change reward expectation in a mood
congruent fashion, treating unexpected reward feedback as a non -surprising event.
Accordingly, these results convincingly showed that positive mood (but not approach
motivation) could unlock an optimistic bias during gambling, whereby this specific mood
state caused unexpected reward to be unsurprising,

Dissociations between ERPs and Time-Frequency Data
Across several chapters (Chapters 5-7), we showed dissociable effects during reward
processing (and its susceptibility to positive mood) between ERPs and FM θ power. Although
(phase-locked) oscillations give rise to ERPs (Cohen et al., 2007; Luu, Tucker, & Makeig,
2004; Marco-Pallares et al., 2008), a proper time-frequency decomposition of the EEG data
includes rich and additional information that a standard ERP waveform cannot capture (C.
S. Herrmann et al., 2005). By separating evoked (i.e. phase-locked activity as reflected in
the ERPs) from induced activity (i.e. non-phase locked activity), we repeatedly showed that
FMθ power changes during reward processing as a function of positive mood were
genuinely related to the latter component, and therefore not simply a byproduct of the
superimposed ERP components. Results from Chapters 5-7 emphasize the added value of
a proper time-frequency decomposition of the EEG signal, revealing interesting
neurophysiological effects during reward processing that have often been overlooked
before (Cohen, Wilmes, et al., 2011; Fell et al., 2004; Makeig et al., 2002).
More specifically, although FMθ activity and the FRN component have been thought
to reflect somewhat similar processes during performance monitoring (Cavanagh,
Zambrano-Vazquez, et al., 2012), we found either similar or different effects in response to
positive mood depending on the specific outcomes (and thus affective process) considered.
Both the amplitude of the FRN component and FMθ activity were increased after no-reward
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feedback (Chapters 5-7), suggesting that negative feedback was interpreted as more
negative or unexpected in positive mood. However, only FMθ activity (but not the FRN or
RewP) captured specific decreased reward expectancy processing with positive mood, and
this is consistent with the presence of an optimistic bias. This dissociation could be
explained by the fact that the FRN could be more sensitive to signed reward prediction
errors, while FMθ is probably more generic and sensitive to unsigned reward prediction
errors. Although some previous ERP studies showed that the FRN could reflect the
processing of unsigned reward prediction errors, that is, FRN amplitudes were more
negative for worse or better-than-expected outcomes (Ferdinand et al., 2012; Hajcak et al.,
2005; Hauser et al., 2014; Heydari & Holroyd, 2016; Oliveira et al., 2007; Talmi et al., 2013) ,
we found in Chapters 2 & 5 that this effect was stronger for negative reward prediction
errors, i.e. when the outcome was worse (but not better) than expected, an asymmetry that
has been reported earlier in the literature (Daniela M Pfabigan et al., 2011; M. M. Walsh &
Anderson, 2011) and appears well established based on meta-analyses (Sambrook & Goslin,
2015; M. M. Walsh & Anderson, 2012). In comparison, FMθ activity seems to capture unsigned
reward prediction errors better or more consistently than the FRN (Cavanagh, Figueroa, et
al., 2012; Gheza, De Raedt, et al., 2018; Hajihosseini & Holroyd, 2013; Hauser et al., 2014;
Mas-Herrero & Marco-Pallarés, 2014). In agreement with this conclusion, we found for
participants in neutral mood in Chapters 5-7 that FMθ activity tracked unsigned reward
prediction errors. More generally, as positive mood seemed to bias reward prediction with
visible effects at the FMθ level, this oscillation appears to provide a valid and promising
neurophysiological marker to study affective influences on performance monitoring in
future studies.
Alternatively, FMθ activity could be related to the need of cognitive control, rather
than the processing of unsigned reward prediction errors (Cavanagh & Frank, 2014; P. S.
Cooper et al., 2019). In this framework, we could contend that positive mood did not
necessarily change reward prediction per se, but perhaps altered specif ic control or
motivation processes that would be active in unexpected scenarios (including reward), and
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thus guide the course of performance monitoring. In the next section, we come back to this
specific interpretation.

Theoretical Implications
Positive mood dynamically changes performance monitoring
The central research question of the thesis was to test if and how positive mood
influences performance monitoring, by breaking the process down into its basic
components and explored at the EEG level. Based on the literature review presented in the
General Introduction (Chapter 1), different theoretical accounts were proposed and
compared to each other, as summarized in Table 8.1.
Table 8.1. How positive mood could modulate the different (neurophysiological) components of PM.

EEG
Component
ERN
Pe
FRN
RewP
FMθ

Theoretical Account
Distraction






Congruency






Contrast






Current Results
=

=



The first account proposed that positive mood acts as a distractor, consuming mental
resources and interfering with performance (Dreisbach & Goschke, 2004; Mackie & Worth,
1989). Consequently, all components reflecting successful performance monitoring should
be smaller in positive, rather than neutral mood, with a possible impairment at the
behavioural level as well (e.g. accuracy for catch trials). However, the current series of
experiments did not support this claim. In all experiments, behavioural performance (as
captured by error rates, reaction times, specific probes etc.) was not decreased in positive
mood. Instead, it was high and actually matched that of neutral mood. ERPs and time frequency analyses also revealed that positive mood altered specific components in a
peculiar way, as opposed to a general loss or change in information processing. For
example, in Chapter 3, only the Pe component but not the ERN component was decreased
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with positive mood. During reward processing (Chapters 5-7), we found that positive mood
decreased FMθ activity, but only selectively for unexpected rewards. In contrast, we
actually found increased brain responses to reward (RewP) and no -reward (FRN, FMθ
activity) conditions with positive mood. Moreover, supplementary analyses carried out in
Chapters 5-7 did not show any modulation by positive mood (or approach motivation) for
other feedback related components, including the subsequent P300 component or changes
within the delta spectrum (Glazer et al., 2018), or ERPs linked to early attention related
processes (like the N100 and P200; see Herrmann & Knight, 2001; Luck, Woodman, & Vogel,
2000). Accordingly, these results are difficult to reconcile with the view o f positive mood
as a distractor. Positive mood did not lead to a general decrease or impairment of
performance monitoring, but appeared to trigger very specific changes at the
neurophysiological level in either error or reward processing. Given these prope rties, these
changes could speak for the presence of genuine mood-congruent or contrast effects with
positive mood, rather than distraction.
Mood-congruency could explain the decreased Pe (Chapter 3) and post-error-slowing
(Chapter 4), the increased RewP (Chapters 5 & 6) towards rewards and the decreased FMθ
for unexpected rewards (Chapters 5 - 7). This model assumes that in order to maintain the
positive affective state, negative challenging information is downplayed and processed
less intensively, while positive events are emphasized (Isen, 2008; Sharot et al., 2011). In
this framework, response errors represent a negative event and inform the participant that
the ongoing performance strategy needs to be updated because self-efficacy is challenged
(Ullsperger & Danielmeier, 2016). Such information jeopardises the positive affective state,
that usually signals a benign environment where everything is going well and pursued
goals are smoothly met, thereby fostering the application of a flexible p rocessing style
(Bodenhausen et al., 1994; Fiedler, 2001). In order to maintain the beneficial effects of
positive mood, the motivational significance of errors is downplayed, which could possibly
translate into a decreased Pe component (Chapter 3). It is worth noting that in this
condition response errors are still detected rapidly following their onset at the ERN level
(Chapter 3) and still acquire a distinctive negative value (Chapter 4). In a similar vein,
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reward, when used to indicate a positive outcome after gambling, was processed
preferentially under positive mood, as translated by an increased neurophysiological
response (RewP). Given that the processing of mood-congruent information goes along
with an optimistic bias regarding the outcome of future actions (Eldar et al., 2016;
Loewenstein & Lerner, 2003; Sharot et al., 2012), unexpected rewards, although objectively
unlikely, are not perceived as such, and are instead processed as relatively expected.
Therefore, we assert that the blunted FMθ activity in response to unexpected rewards with
positive mood (Chapters 5 & 7) could reflect a reduced need for adjustment in cognitive
control after receiving a reward, regardless of its expectancy.
However, in these exact same studies (Chapters 5-7), we also found an increased FRN
component in no-reward conditions as well as an increase in FMθ, particularly for noreward feedback. This increased neural reaction to a negative outcome is at first sight
difficult to reconcile with the mood-congruency account, which claims that negative
information would be processed less in a positive compared to a neutral mood. However,
two alternative explanations could be considered at this stage, with the aim to try to
integrate these seemingly contradictory findings into a coherent story. First, contrast
effects between the current affective state and the emotional value of the outcome may
have occurred under positive mood and/or high approach motivation. As the current
(external) negative event contradicts the (internal) information provided by positive affect,
it is perceived as even more negative, unexpected or challenging, thus increasing the need
for behavioural adjustments and cognitive control in response to it. This idea is supported
by a recent line of research highlighting that (unexpected) conflicts are perceived as more
negative/conflicting in a mild positive affective context (Dreisbach, Fröber, Berger, &
Fischer, 2018) . Secondly, negative no-reward outcomes violate the optimistic (mood
congruent) expectations created in a positive affective state. Given that both the FRN
component and FMθ activity are thought to reflect the phasic processing of reward
prediction errors (Cavanagh, Figueroa, et al., 2012; Hajihosseini & Holroyd, 2013; Hauser et
al., 2014; Holroyd & Coles, 2002; Mas-Herrero & Marco-Pallarés, 2014; Sambrook & Goslin,
2015; M. M. Walsh & Anderson, 2012), an increase in these neurophysiological markers could
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also reflect the stronger deviation of reward expectations, as rewards are often expected
in a positive mood state (Eldar et al., 2016; Loewenstein & Lerner, 2003). This idea is
supported indirectly by some behavioural results gathered in this thesis (Chapters 6 & 7)
showing that rewards were rated as more expected or less surpr ising than no-rewards
under positive mood. Moreover, in a recent study, it was shown that positive mood does
not change the evaluative component of affective information, but rather its expectancy.
Mood-congruent information is processed faster, because it is expected, while negative
affective information violates subjective (optimistically biased) expectations (White,
Liebman, & Stone, 2018).
Taken together, the current data highlights that positive mood does not simply blur the
processing of external information in general, as suggested by the mood -as-distractor theory,
nor does positive mood selectively attenuate negative information while increasing positive
information, as suggested by mood-congruency effects. Instead, positive mood seems to change
information processing dynamically, and possibly adapts to changes depending on the

specific task and contextual demands in the environment. Consistent with this view, instead
of blurring or interfering with performance monitoring, positive mood actually led to specific
and dissociable effects in error monitoring and reward processing. In Chapters 3 & 4, internal
error monitoring was essential to achieve the task goals and ensure correct task performance.
However, we somewhat tricked participants by using a strict and adaptive response deadline
that forced them to be fast, and hence commit unwanted intermittent response errors. In order
to maintain both task performance and the positive affective state, response errors needed to
be swiftly detected as alarm signals (to adjust behaviour accordingly), while the ir motivational
significance is decreased – to avoid contradictions with the information brought by the
affective state. By comparison, the gambling task used in Chapters 5-7, by virtue of its guessing
component, did not allow us to explore performance monitoring per se, or possible behavioural
adaptations resulting from the detection of mismatches between goal and action. Reward
outcome was decoupled from behavioural performance and completely random, unknown to
the participants. In this context, positive mood actually seemed to increase the processing of
both favourable events like rewards (as indexed by an increased RewP), and the identification
of negative outcomes (increased FRN and FMθ for no-rewards). Similarly, although the ERN and
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the FRN component (Miltner et al., 1997; Ullsperger, Fischer, et al., 2014; M. M. Walsh & Anderson,
2012), as well as the Pe and P300 component (Davies, Segalowitz, Dywan, & Pailing, 2001;
Hajcak et al., 2003b; Ridderinkhof et al., 2009), share many electrophysiological properties, we
found diverging effects of positive mood on these components depending on the task
environment and hence specific demands imposed by it. During the Go/No-Go task, the Pe but
not the ERN was reduced, while during the gambling task the FRN but not the P300 was
increased. Besides arising from different task contexts, these results could actually reflect a
genuine imbalance between internally and externally directed attention, where positive mood
tips the balance towards external information (Pourtois et al., 2017; Vanlessen et al., 2016).

Figure 8.1. Relative to neutral mood (blue), positive mood (green) might alter the b alance between
internal and external information processing: While a decreased error monitoring is consistent with
a lowered processing of internal information, stronger responses to rewards and no -rewards accord
with a stronger focus on external information in positive mood (see also Pourtois et al., 2017;
Vanlessen et al., 2016 for a similar framework).

In this framework, positive mood is not considered simply distracting nor leading to
(mood-congruent) biases. Instead, positive mood is thought to provide the organism with
a powerful information signal (Mitchell & Phillips, 2007; Schwarz & Clore, 2003), guiding
the processing of information that allows to promote exploration, similar to the broaden and-build theory of positive mood (Fredrickson, 2001, 2004, 2013). Pourtois et al. (2017)
suggest that positive mood tips the balance towards external attention which could lead
to a broadening of attention, while decreasing the monitoring of inter nal states or values,
with corresponding changes in the rapid monitoring of response errors for example.
Whether positive mood has a beneficial or detrimental effect on information processing
likely depends on the context within which this mood state is encountered by participants,
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the resulting goals, desires and values. Attending to a broader range of stimuli in the
environment could be useful in some situations (e.g. exploring new opportunities or
potential rewards), yet less so in others (e.g. when it is more useful to rely on prior
knowledge). Similarly, it could be advantageous to pay less attention to response errors
(i.e., lower their monitoring) in creative or “free thinking” contexts, whereas it would
probably be detrimental to performance if rule-based learning is required.

Does positive mood change cognitive control?
Alternatively, we could assert that positive mood “loosens” cognitive control because
we consistently found that this mood state influenced FMθ activity during reward
processing (Chapters 5 & 7). Recently, FMθ has been linked to cognitive control, specifically
the leverage of cognitive control when facing difficult, new or challenging situations
(Cavanagh & Frank, 2014; Cavanagh & Shackman, 2015; P. S. Cooper et al., 2019) . This
assumption is not only supported by the observation of increased FMθ activity for
unexpected, novel or negative outcomes, but also by co-variations seen at the behavioral
level following conflict or error processing (Cavanagh et al., 2009; P. S. Cooper et al., 2019;
Nigbur et al., 2011), as well as translational research on adaptive control (Narayanan et al.,
2013; Womelsdorf et al., 2010). Therefore, a different perspective on the current results
could be taken, especially when they are considered in conjunct ion with earlier studies
focusing on the effects of positive mood on cognitive control (Chiew & Braver, 2014;
Dreisbach, 2006).
For example, the dual mechanisms of control (DMC) theory (Braver, 2012) has been
proven to be particularly useful in studying the effects of positive mood on cognitive
control. The DMC separates cognitive control into proactive and reactive control sub processes. Where proactive control is anticipatory and can be engaged in advance to
execute the upcoming task adequately, reactive control is ad-hoc and occurs only
transiently in response to highly demanding cognitive challenges. In addition to proactive
and reactive control, evaluative control occurs later and involves the monitoring of action
outcomes (Ridderinkhof, 2004). With respect to affective influences on cognitive control,
there is a large body of research describing that positive affect dynamically al ters the
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balance between proactive and reactive/evaluative control strategies (Bolte & Goschke,
2010). The most common finding is that proactive control is reduced in positive affect when
induced with short term MIPs (Schuch & Koch, 2015; van Steenbergen et al., 2010; Vanlessen
et al., 2015), or the inclusion of positive emotional pictures in the experimental procedure
(Chaillou et al., 2018; Cudo, Francuz, Augustynowicz, & Stróżak, 2018; Fröber & Dreisbach,
2012, 2016). At the same time, recent studies indicated that reactive control processes are
enhanced with positive affect (Cudo et al., 2018; Li, Zhang, Liu, & Cui, 2018; Vanlessen et al.,
2015).
In the current thesis, positive mood (with respect to neutral mood) was repeatedly
associated with increased FMθ activity for no-reward feedback (Chapters 5-7). Negative
performance feedback triggered reactive/evaluative control, with action strategies needing
constant update due to failures to meet intended outcomes. The increased need for
cognitive control, as signaled by increased FMθ, supported the idea that positive affect
increased reactive control processes. Interestingly, we found specific effects after positive
reward feedback. Participants in positive mood did not show the usual increased FMθ
activity when reward was unexpected. In fact, participants in positive mood did not
differentiate at all if reward feedback was expected or not. Although this may suggest
positive mood leads to altered reward-predictions, it could also indicate that positive mood
actually changes cognitive control more broadly. Accordingly, our results suggest that
positive affect did not necessarily boost reactive control in general or in a tonic matter,
but only after events that clearly conveyed negative performance information. Had
unexpected outcomes been positive, the need for adjustments or cognitive control would
not have increased but actually decreased in positive mood state. Presumably, the normal
increase in cognitive control at the FMθ level was attenuated because participants did not
perceive this outcome as challenging. Positive outcomes were easily compatible with
positive mood. Reactive control processes used to regulate responses and behavior were
also reduced, presumably because external information (reward outcome) was consistent
with internal representations (reward expectations) during positive mood.
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Motivation, Mood, Reward – how do they relate?
In chapters 6 & 7, we sought to assess the specificity of positive mood compared to
approach motivation in its propensity to influence reward processing. This was an
important demonstration, as positive mood has often been conceptualized purely in terms
of approach motivation (see Cacioppo & Gardner, 1999; Lang, Bradley, & Cuthbert, 1998).
This collinearity raised the question as to whether the current results (Chapter 5) were not
simply driven by approach motivation, rather than positive mood. Results of Chapter 7
showed that positive mood, rather than approach motivation, did underpin FMθ responses
to unexpected reward feedback, indicating that the optimistic bias and/or change in
cognitive control likely stemmed from positive affect itself. Although these results suggest
we could disentangle positive mood from approach motivation during reward processing,
it is important to bear in mind that they are probably closely related constructs, and more
often co-vary rather than showing dissociable effects in real life situations. For example,
the influential Research Domain Criteria (RDoC) project of the NIH (Cuthbert & Insel, 2013)
provides a “Positive Valence” domain. This domain is defined as “responses to positive
motivational situations or contexts”, and includes constructs of reward responsiveness,
learning and reward valuation (PVS Work Group, 2011). The close inter-relationship between
motivation and positive mood can be found at various levels. For example, neuroimaging
studies have shown that they widely overlap with the reward circuit, including the ventr al
striatum and the nucleus accumbens (Der-avakian & Markou, 2012; Haber & Knutson, 2010).
Similarly, factor analyses of commonly used questionnaires or scales available in the
literature did reveal a general “positive” factor, that included hedonic capacity , activation,
motivation etc. (Ho, Cooper, Hall, & Smillie, 2015; Olino, McMakin, & Forbes, 2018).
However, although positive mood and motivation usually go hand in hand, they can
be conceptualized differently. Approach motivation drives goal -orientated behaviour;
positive mood arises following goal completion or excellence (C. S. Carver, 2006; Eldar et
al., 2016). This differentiation is also reflected at a neurobiological level, as the anticipation
of reward (“wanting”) has been linked to the mesolimbic dopaminergic system, while the
consumption of reward (“liking”) has been linked to functions of the forebrain opioid
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circuits (K. C. Berridge et al., 2009; Knutson et al., 2001). This differentiation is further
highlighted by studies that reported dissociable effects of motivation and positive mood,
such as those in cognitive control (Chiew & Braver, 2014) or attention (Gable & HarmonJones, 2010). Similarly, in Chapter 7, we found different effects of approach motivation and
positive mood on the FRN/RewP component. While positive mood increased the FRN
component, approach motivation actually led to subdued differentiation between reward
and no-reward feedback. This result was unexpected and stood in sharp contrast not only
to previous studies in the literature (Angus et al., 2015; Bress & Hajcak, 2013; Threadgill &
Gable, 2018) but also our own results of Chapter 6, where the differentiation was actually
increased when more money was at stake, which should have increased approach
motivation. However, an important difference between Chapter 6 and previously reported
EEG studies was that approach motivation was contingent with the task. The possibility to
win a large amount of money (as opposed to a small amount) increased the motivation to
approach the reward-related feedback. In comparison, in Chapter 7, approach motivation
was not contingent with the task, as the personally important yet unrelated goal probably
contrasted with the small (positive) value conveyed by the reward feedback (Brendl et al.,
2003; Ferguson & Bargh, 2004; Wrosch et al., 2003; Xu et al., 2019).
Overall, the new results gathered in this thesis might suggest that positive mood and
motivation can have different effects on reward processing when task contingency is taken
into account. For example, we consistently found (Chapters 5 -7) that FMθ activity did not
differentiate between expected and unexpected rewards. This could either reflect that
positive mood, instead of approach motivation, led to optimistic reward expectations or
mood-congruent tuning of cognitive control. Alternatively, if both constructs (approach
motivation and positive mood) actually reflect a similar underlying dimension (“positive
affect” broadly speaking), this could suggest that reward expectations and cognitive
control were biased regardless of the source of positive affect, and regardless whether it
was contingent with the task or not. Regarding the modulation of the ERPs, our results
(Chapter 7) could suggest that the RewP/FRN component is probably more sensitive to
approach motivation than positive mood. However, this does not necessarily mean that the
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ERPs were not modulated by positive mood at all; we found in Chapter 5 an increased
FRN/RewP with positive mood. Although no measurements of motivation were collected in
this study, the content of the memories (social interactions, past achievements etc.)
suggested that a positive mood relatively low in approach motivation was eventually
induced and used by the participants. Accordingly, it seems that both approach motivation
and positive mood differentially influenced this component of reward processing
depending on task contingency. When approach motivation was high and contingent with
the task (Chapter 6) the effects of positive mood and motivation were similar. When
approach motivation was high but not contingent with the task (Chapter 7), motivation
showed dissociable effects on reward processing compared to positive mood, possibly even
cancelling out the effects of positive mood (Chapter 5).

Clinical implications
The thorough examination of positive mood effects on internal and external
performance monitoring in the current thesis may also bear relevance for the clinic, the
diagnosis, as well as treatment of affective disorders when EEG methods are used. For
example, some studies have reported decreased Pe amplitudes during error monitoring
among participants with depression (Aarts, Vanderhasselt, et al., 2013; Alexopoulos et al.,
2007; A. J. Holmes & Pizzagalli, 2010; Olvet et al., 2010; Schrijvers et al., 2008) and
subclinical trait-related negative affect (Aarts, Vanderhasselt, et al., 2013; Alexopoulos et
al., 2007; A. J. Holmes & Pizzagalli, 2010; Olvet et al., 2010; Schrijvers et al., 2008) , as well
as for patients with substance abuse, schizophrenia or ADHD (for a review see Weinberg,
Dieterich, et al., 2015). Although direct comparisons between state and trait effects need
to be treated with caution, these affective states, opposite to positive mood, were also
characterized by electrophysiological effects similar to those we have reported (Chapter
2). In the case of depression (and negative affect), a reduced Pe was often interpreted as
reflecting an inability to adapt or change cognitive control functions. Such an interpretation
appears difficult to hold in the case of positive mood, given that positive mood usually
promotes (rather than undermines) creativity and flexibility, and perhaps even augments
cognitive control in specific circumstances. Given that the Pe has been related to the
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motivational impact and awareness of response errors (Falkenstein et al., 2000; Leuthold
& Sommer, 1999; O’Connell et al., 2007; Overbeek et al., 2005; Ridderinkhof et al., 2009;
Ullsperger et al., 2010), it is more likely that both affective states somehow trigger similar
motivational changes during error monitoring, despite contrasting reasons. In positive
mood, errors probably lost their motivational significance in order to maintain the current
positive affective state (Cohn et al., 2009; Conway et al., 2013; Philippe et al., 2009) .
Similarly, albeit for a very different reason and etiology, for patients suffering from
depression their errors may lose motivational significance because they are experienced
as frequent or unavoidable events (reflecting negative expectations about the future),
which in turn could interfere with the usual behavioural adjustments following errors
(Frank et al., 2007; Hajcak et al., 2003b; Nieuwenhuis et al., 2001) .
With respect to reward processing, negative affect, spanning from subclinical levels
of anhedonia to major depression and anxiety, usually goes along with a decreased RewP,
or more specifically, the difference between reward and no-reward/loss outcomes (Keren
et al., 2018; for a review see Nusslock & Alloy, 2017). Relatedly, we found in two experiments
the exact opposite effect, as positive mood (as induced with the MIP in Chapter 5, or by
including larger monetary rewards in Chapter 6) showed an increased RewP. However, in
Chapter 7, we actually found a decreased RewP/FRN effect for participants in high approach
motivated positive mood. As outlined here above and in Chapter 7, this latter unexpected
result could probably be explained by a contrast effect. Because the specific instructions
emphasized to focus on an external (achivement-related) goal, this goal-oriented state
was decoupled from the reward task itself. This probably led to the activation and
competition between two concurrent goals, winning a small amount of money versus
actively thinking about and reliving a personal achievement, the latter being deemed more
important than the former. This explanation would suggest that the activation of a more
relevant or salient goal might in turn decrease the sensitivity of the RewP component
(during gambling). In light of this, we may need to reconsider, alebit with caution, the
interpretation of results regarding negative affect in existing literature. Rather than
reflecting a lack or decrease in reward/approach related motivation (Nusslock & Alloy, 2017;
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Weinberg & Shankman, 2017), reduced RewP in negative state could arise because a more
relevant and proximal motive (e.g., the loss of wellbeing and/or low self-esteem), or
alternative thoughts linked to an increased self-focusing style (Pyszczynski & Greenberg,
1987), are actived and impede the normal processing of reward incentives at the RewP
level during gambling. Future EEG studies are needed to assess whether amplitude
variations seen at the RewP level during reward processing are linked to reward per se, or
medialted by motivational processes, including goal relevance setting and hierarchy
(Severo, Walentowska, Moors, & Pourtois, 2017, 2018).

Limitations and Future Directions
As discussed in each experimental chapter apart, studying the effects of positive
mood on cognition is tricky because these effects are usually confounded by concurrent
changes in arousal. This was addressed at multiple levels to mitigate its impact. First,
positive mood was contrasted with a neutral mood where participants received specific
instructions to increase activation and energization (e.g. they had to retrieve a past
memory episode related to the practice of physical activity), with t he intention of
increasing arousal levels in both groups. However, in Chapters 3-5, the MIP not only
increased levels of happiness, but also subjective reports of arousal in positive mood
compared to neutral mood. Besides subjective ratings, the current thesis also capitalized
on physiological measurements of the autonomous nervous system, and statistical
analyses were run to control for the possible confounding effect of arousal each time.
Although we cannot rule out the possibility that arousal had an important role for
experiencing and maintaining positive mood in our different studies, we have several
reasons to believe that the reported neurophysiological results across the different
chapters are not simply explained by arousal. First, there was no relationship between
physiological measurements of arousal (SCL) and subjective reports (Chapters 3 & 5), nor
any relationship between arousal and the reported neurophysiological effects. Second, a
recent study showed that arousal, as induced with physical activation, actually decreases
the RewP (J. J. Walsh et al., 2019). This result contrasts with our results showing an
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increased RewP in positive mood (Chapters 5 & 6). Moreover, in Chapters 6 & 7, participants
did not report higher levels of arousal with the elected manipulation, but still showed the
same modulation of FMθ activity as a function of it. Although we believe the current results
cannot easily be explained by changes in arousal, we do not want to imply however that
arousal is not important for positive mood. Future studies are needed to address this
question, and assess the specific role of arousal vs. positive mood during performance
monitoring. This could be achieved by tailoring the MIP in order to compare different
positive affective states, differing in the amount of arousal, excitement and energy. For
example, remembering a skydive jump or cantering on a horse through ‘Middle Earth’ (New
Zealand) would probably lead to different feelings and arousal levels, compared to
remembering a relaxing massage or an extravagant dinner.
Although the specific episodic memories recalled by the participants shared common
feelings of joy or happiness, the context of this positive feeling was very different in each
case and idiosyncratic. Although we do not want to attempt to structure the content and
nature of these positive emotions in detail (Graham, Thomson, Nakamura, Brandt, & Siegel,
2017; Shiota et al., 2014; C. A. Smith, Tong, & Ellsworth, 2014), it is clear however from a
quick and superficial analysis that the emotional episodes varied according to their agency
appraisals. Appraisals such as: the cause of the event; underlying motives for recall; or
function. Inter-personal interactions were oriented towards, or caused by others, leading
to affections and social bonding; the experience of endorsement and pride, self-focused
and confidence boosting; enjoyable activities derived from circumstances and broadened
knowledge and resources. However, it remains unclear if the recall of past episodes with
distinctive emotional experiences actually leads to mood states that were qualitatively
different to each other. Comparing possible (functional) differences between these
affective states went beyond the scope of the current thesis. However, it is feasible that
depending on the specific content of the memory recall and presence or absence of specific
features, that different effects on performance monitoring could be observed at the
subjective and EEG levels. For example, it has been shown that negative emotions, such as
anger and fear, lead to different tendencies towards perceived new events and objects in
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ways that were consistent with the original cognitive-appraisal dimensions of the emotion
(Lerner & Keltner, 2000). Accordingly, (positive) emotions elicited within a social
interaction could possibly lead to different effects in terms of performance monitoring
than emotions elicited by personal success, a hypothesis that awaits empirical validation.
Although we could show in several studies (Chapters 5-7) that positive mood changed
FMθ activity in response to rewards whereby these incentives were processed as predicted
or expected, we could not find any direct behavioral correlate of this optimistic bias. In the
experiment, we used specific probes as catch-trials that were presented as test items and
participants were encouraged to answer them correctly (with respect to objective task
instructions). Consequently, these judgments were more influenced by objective
probabilities and not (possibly biased) subjective predictions (Windschitl et al., 2010). To
overcome this problem, more implicit measures or computational modelling may yield
beneficial results. These measures could turn out to be more sensitive than the catch trials
we have used in our studies in capturing a change in behavior (i.e. task execution and
perception) following the MIP. For example, focusing on risk taking, which has been
reported to be increased in positive mood (under certan circumstances, see Blanchette &
Richards, 2010; Isen & Patrick, 1983) might provide a valuable way to assess changes in
reward processing at the behavioral level with positive mood in future studies.
Finally, the biased reward expectation in positive mood found here in different studies
should be replicated and extended in different settings. With gambling task used here,
rewards and no-rewards were not contingent on performance but completely random
instead. This setting might promote a rather passive or reactive processing, where reward
predictions are based less on objective information provided and more on internal affective
cues. Therefore, it appears necessary in future studies to test if this optim istic bias could
transfer to other situations or contexts, including tasks which are more engaging, or where
feedback is more contingent on actual performance, or where feedback is instrumental for
(reinforcement) learning.
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General Conclusions
The current thesis shows that positive mood is not simply adding distraction to cognition
as this would merely impede performance monitoring. Instead, positive mood likely
provides the organism with a powerful information signal (Mitchell & Phillips, 2007;
Schwarz & Clore, 2003), that eventually helps either increase or decrease the processing of
relevant cues or incentives during performance monitoring depending on the specific
context and task demands (Fredrickson, 2013; Pourtois et al., 2017). This was demonstrated
here in this work by the presence of striking mood-congruent effects during performance
monitoring, with positive mood yielding different modulatory effects depending on the
specific information provided to participants. More specifically, during the processing of
internal information (here with a focus response errors), positive mood decreases their
motivational significance, probably because these aversive events mismatch with internal
information provided by mood, thus emphasizes the presence of a benign and safe
environment (Bodenhausen et al., 1994; Fiedler, 2001). During the processing of external
information (evaluative feedback), positive mood not only increases the processing of
mood-congruent information (i.e. reward), but also induces an intriguing optimistic bias
(Loewenstein & Lerner, 2003; Sharot et al., 2011). When the feedback was unexpected but
rewarding after gambling, it was treated as expected in positive mood. Fut ure studies are
needed to explore further the functional significance of these changes during performance
monitoring brought by positive mood as seen at the neurophysiological level. Whether they
contribute directly to cultivate and maintain the beneficial effects of this specific mood
state for psychological well-being and health remains to be seen in future work. s
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Summary

10.

English Summary

Introduction
Goal adaptive behaviour relies on the integration of intended outcomes with the
actual consequences of decisions and actions in order to optimize future behaviour
(Ullsperger, Danielmeier, et al., 2014). This performance monitoring is usually achieved by
the processing of external incentives (such as feedback) or internal/motor cues (such as
responses). Importantly, these processes are well captured at the electroencephalographic
(EEG) level. Error commission triggers the error related negativity (ERN) and the error
positivity (Pe). Whereas the ERN component reflects the early detection of a discrepancy
between the incorrect executed and the correct intended action (Coles et al., 2001; Gehring
et al., 1993), the subsequent Pe is usually related to the processing of the motivational
significance of response errors (Falkenstein et al., 1999; Ridderinkhof et al., 2009). In
comparison outcome monitoring of external feedback is studied by means of the feedback related-negativity (FRN) (Ferdinand et al., 2012) or the reward positivity (RewP) (Holroyd
et al., 2008; Proudfit, 2015). Complementary to these ERPs, fronto-medial oscillatory theta
activity (4 – 8 Hz, FMθ) has been put forward as indicator of prediction errors (Cavanagh,
Figueroa, et al., 2012; Hauser et al., 2014).
Interestingly, accumulating evidence shows that performance monitoring is not
immune to the affective state of the participant (Koban & Pourtois, 2014; Olvet & Hajcak,
2008; Weinberg, Riesel, et al., 2012). Although much is known about the effects of negative
affect, in comparison little is known about the effects of positive affect. This paucity is
somewhat surprising, given that positive emotions fuel resilience and wellbeing (Sheldon
& King, 2001). Accordingly, during my PhD we set out to test the effects of positive mood
on performance monitoring.
There are three mechanisms through which positive mood could modulate
performance monitoring. The first account considers positive mood as a distraction, hence
linking positive affect to reduced attention or control. It acknowledges that positive affect
uses cognitive resources, lowering in turn accuracy and depth of cognitive processing
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(Dreisbach & Goschke, 2004; Mackie & Worth, 1989). Alternatively, the second account
highlights the role of mood congruent processing (Bower, 1981; Mayer et al., 1992; Rusting,
1998). Accordingly, information that is mood congruent, i.e. of similar emotional value as
the current affective state, captures attention and is processed preferentially. This mood
congruent processing induces an optimistic bias, where expectations about the future are
selectively updated based on positive (mood congruent) information, while negative and
contradicting information is downplayed (Sharot et al., 2011). In comparison, the third
account proposes that contrast effects between the positive mood and negative
information can occur. This clash is perceived as even more negative, violating optimistic
expectations (Eldar et al., 2016; Loewenstein & Lerner, 2003) and accordingly, it requires
more processing than positive events.
These three accounts make different predictions about the modulation of positive
affect on performance monitoring brain processes. According to the mood as distractor
account, positive mood should lower performance monitoring globally. In comparison, if
mood congruency or contrast effects are considered, then positive mood should lead to
very specific changes. Whereas mood congruency could impair the processing of negative
information (response error or negative feedback) but increase the processing of positive
and mood congruent information (correct responses or positive feedback), opposite effects
are actually conjectured with the contrast effects framework. By systematically examining
modulatory effects of positive mood on different neurophysiological components of
performance monitoring, the current PhD thesis sought to specify the actu al modus
operandi of positive mood during performance monitoring.

Overview of the experimental Chapters
In order to study the effects of positive mood, the current thesis used a previously
validated mood induction procedure (MIP) (Bakic et al., 2014; Vanlessen et al., 2013). Using
a between subjects design, either a positive or neutral mood was elicited by means of a
guided imagery procedure. First, participants were trained in multisensory imagery from
their own perspective (E. A. Holmes et al., 2008, 2006). Then they were asked to imagine
either a neutral or very happy autobiographical memory episode as vividly as possible.
290

Chapter 10
Importantly this MIP was combined with one of two experimental paradigms suited
to explore performance monitoring. Error monitoring was studied with a sp eeded Go/NoGo
task (Pourtois, 2011; Vocat et al., 2008): Participants were asked to respond as quickly as
possible to certain stimuli (Go trials) and withhold their response to other stimuli ( NoGo
trials). Given the speed pressure, all participants committed many response errors, i.e.
responses to NoGo trials. For studies on feedback processing, we used a simple guessing
task (Doors Task; Hajcak et al., 2005), where participants had to choose one door out of an
array of four doors. After their choice, participants received either a reward (a small
amount of money) or no-reward. Importantly, reward probability was announced at the
beginning of each trial by means of a specific cue.
In Chapter 2, we used the Doors Task to characterize the processing of rewards and
no-rewards at the ERP level in 44 subjects. We analysed the ERP data using an advanced
topographic ERP mapping analysis and distributed source localisation method. Results
showed that two main topographies accounted for the ERP data. The first one was sensitive
to no-reward outcomes irrespective of expectancy. Source-estimation comprised mainly
regions of the dorsolateral anterior cingulate. The second topography was primarily driven
by reward and expectancy. The intracranial generators were estimated to be in the
posterior cingulate cortex. These new findings suggested the existence of dissociable brain
systems during the processing of reward and no-reward.
In Chapter 3, we tested the effects of positive mood on error monitoring. For 44
participants, we combined the MIP with the speeded Go/NoGo task. Results showed that
the ERN was not influenced by positive mood, while the Pe was reliably smaller in the
positive relative to the neutral mood group. These results were obtained in the absence of
group differences regarding behavioural performance and physiological arousal. Our
findings suggested that positive mood likely decreased the motivational significance of
errors (Pe), whilst leaving the earlier automatic detection (ERN) unaltered. To follow up on
this finding, in Chapter 4 we focussed on behavioural indices of action monitoring and
asked 48 participants to complete an evaluative-priming-task. Actions in the Go/NoGo task
were used as primes for the evaluation of emotional words. We focussed on the evaluative
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priming of actions (whereby response errors acquired a negative value), as well as posterror-slowing (PES). Results showed that positive mood did not alter the evaluative
component of actions, as confirmed by Bayes-factors analyses. Accordingly, errors were
still perceived as negative events in positive mood. However, when considered together
with arousal, we found that happiness decreased PES and hence the motivational impact
of errors.
To study feedback processing, in Chapter 5, we combined the MIP with the doors task
in 45 participants. We found that positive mood increased the FRN for no-reward feedback.
Moreover, FMθ activity did not differentiate between expected and unexpected reward in
this group. A control analysis showed that this latter result could not be explained by the
mere superposition of the ERP component on the FMθ oscillations. Therefore, we
interpreted these results as reflecting a genuine mood congruency effect, whereby reward
was anticipated as the default outcome with positive mood and processed as unsurprising
(even when it was unlikely), while no-reward feedback was perceived as unexpected.
Whereas studies reported in chapters 3-5 provided evidence for a modulatory role of
positive mood during performance monitoring, they did not control for effects of
motivation, which often co-varies with positive mood. Given that approach motivation can
increase reward processing (Angus et al., 2015; H.-H. Liu et al., 2017), it was necessary to
rule out that previously found effects of positive mood on this process (Chapter 5) were
merely explained in terms of motivational changes, instead of affective valence per se.
In Chapter 6, we combined the Doors Task with a reward magnitude manipulation
(without any MIP) in 40 participants. This allowed us to study motivation indirectly, as
increasing reward magnitude can foster approach motivation (Kim, 2013; K. D. Novak & Foti,
2015; Simon et al., 2010; Threadgill & Gable, 2016). Subjective reports showed that large
rewards were more liked and expected than small ones. At the EEG level, increasing
magnitude led to a larger RewP irrespective of expectancy, whereas the FRN was not
influenced by this manipulation. In comparison, FMθ power was overall increased when
reward magnitude was large, except if it was unexpected. These results strikingly mirrored
the results of Chapter 5. However, both studies in Chapter 5 & 6 did not allow to assess if
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the reported effects were related to positive mood or approach motivation, as the
manipulations used (MIP in Chapter 5 and magnitude in Chapter 6) likely conflated positive
affect and approach motivation.
To address this question, in Chapter 7, we combined in 90 participants a mind-set
manipulation (Gollwitzer & Kinney, 1989) with the imagery procedure used earlier
(Chapters 3-5) to create three different affective states: a neutral mood; positive mood
with high approach motivational intensity; and positive mood with low approach
motivational intensity. Results showed that irrespective of motivational intensity, FMθ
activity did not differentiate whether rewards were expected or not in positive mood,
thereby replicating our previous results (Chapter 5). Intriguingly, high approach motivation
positive mood lowered the RewP, compared to low approach motivation positive mood.
Based on a behavioural follow-up experiment, we suggested that a contrast effect between
the highly salient personal goal active and the small monetary reward delivered now and
then could have occurred, lowering in turn reward processing at the RewP level in this
condition. These behavioural results confirmed this hypothesis indirectly. However, results
of Chapter 7 suggested that positive mood, rather than approach motivation, was likely
responsible for a change in reward expectation, that would stem from an optimistic bias
in this specific mood state.

Discussion
The current thesis showed that positive mood is not simply adding distraction to
cognition, and as a result, would merely impede performance monitoring. Instead, positive
mood likely provides the organism with a powerful information signal (Mitchell & Phillips,
2007; Schwarz & Clore, 2003), that eventually helps either increase or decrease the
processing of relevant cues during performance monitoring depending on the specific
context and task demands (Fredrickson, 2013; Pourtois et al., 2017). This was demonstrated
here in this work by the presence of striking mood-congruent effects during performance
monitoring, with positive mood yielding different modulatory effects depending on the
specific information provided to the participants. More specifically, during the processing
of internal information (here with a focus response errors), positive mood decreases their
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Summary
motivational significance, probably because these aversive events mismatch with the
internal information provided by the mood and emphasising the presence of a benign and
safe environment (Bodenhausen et al., 1994; Fiedler, 2001). During the processing of
external information (evaluative feedback), positive mood not only increases the
processing of mood-congruent information (i.e. reward), but also induces an intriguing
optimistic bias (Loewenstein & Lerner, 2003; Sharot et al., 2011). When the feedback was
unexpected but rewarding after gambling, it was treated as expected in positive mood.
Future studies are needed to explore further the functional significance of these changes
during performance monitoring brought by positive mood and seen at the
neurophysiological level. Whether or not they contribute directly to cultivate and maintain
the beneficial effects of this specific mood state for psychological well-being and health
remains to be addressed in future work.
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11.

Nederlandstalige Samenvatting

De effecten van positieve stemming en motivatie op
prestatiecontrole en beloningsverwachting: een systematisch
psychofysiologische onderzoek
Introductie
Om toekomstig gedrag te optimaliseren is doelgericht adaptief gedrag is afhankelijk
van de integratie van beoogde resultaten met de daadwerkelijke gevolgen van beslissingen
en acties (Ullsperger et al., 2014). Deze prestatiemonitoring wordt meestal bereikt door de
verwerking van externe prikkels (zoals feedback) of interne/motorische signalen (zoals
reacties). Deze processen werden reeds nauwkeurig vastgelegd met op het elektro encefalografische (EEG) niveau. Het begaan van een fout lokt de error-related negativity
(ERN) en de error positivity (Pe) uit. De ERN-component geeft de vroege detectie weer van
een discrepantie tussen de onjuist uitgevoerde en de juiste beoogde actie (Coles et al.,
2001; Gehring et al., 1993) en de daaropvolgende Pe is in de regel gerelateerd aan de
verwerking van de motivationele betekenis van responsfouten (Falkenstein et al., 1999;
Ridderinkhof et al., 2009). De uitkomstmonitoring van externe feedback, daarentegen,
wordt bestudeerd door middel van de feedback-related negativity (FRN; Ferdinand et al.,
2012) of de reward positivity (RewP; Holroyd et al., 2008; Proudfit, 2015). Complementair
aan deze ERP's is de fronto-mediale oscillerende theta-activiteit (4 - 8 Hz, FMθ) naar voren
gebracht als indicator voor predictiefouten (Cavanagh et al., 2012; Hauser et al., 2014).
Geaccumuleerde evidentie uit verschillende studies toont dat prestatiemonitoring
beïnvloed wordt door de affectieve toestand van de deelnemer (Koban & Pourtois, 2014;
Olvet & Hajcak, 2008; Weinberg et al., 2012). Hoewel er veel bekend is over de effecten van
negatief affect, is er in vergelijking weinig bekend over de effecten van positief affect. Deze
lacune is enigszins verrassend, aangezien positieve emoties veerkracht en welz ijn
stimuleren (Sheldon & King, 2001). Daarom probeerden we in dit doctoraat de effecten van
een positieve stemming op prestatiemonitoring te testen.
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Er zijn drie mogelijke verklarende mechanismen voor het modulerende effect dat een
positieve stemming kan hebben op de monitoring van de prestaties. Een eerste verklaring
beschouwt de positieve gemoedstoestand als een afleiding, waarbij het positieve affect
wordt gekoppeld aan verminderde aandacht of controle. Het erkent dat het positieve affect
cognitieve bronnen gebruikt, waardoor de nauwkeurigheid en diepte van de cognitieve
verwerking op zijn beurt afnemen (Dreisbach & Goschke, 2004; Mackie & Worth, 1989). De
tweede verklaring benadrukt de rol van gemoedscongruente verwerking (Bower, 1981;
Mayer et al., 1992; Rusting, 1998). Volgens deze benadering vangt informatie die
stemmingscongruent, d.w.z. van dezelfde emotionele waarde als de huidige affectieve
toestand, is de aandacht op en wordt aldus bij voorkeur verwerkt. Deze
stemmingscongruente verwerking leidt tot een optimistische bias, waarbij verwachtingen
over

de

toekomst

selectief

worden

bijgewerkt

op

basis

van

positieve

(stemmingscongruente) informatie, terwijl negatieve en tegenstrijdige informatie wordt
onderdrukt (Sharot et al., 2011). De derde verklaring, ten slotte, stelt voor dat er
contrasteffecten kunnen optreden tussen de positieve stemming en negatieve informatie.
Dit conflict wordt als nog negatiever ervaren omdat de optimistische verwachtingen
geschonden worden (Eldar et al., 2016; Loewenstein & Lerner, 2003), waarbij er meer
verwerking nodig is dan voor positieve gebeurtenissen.
Deze drie verklaringen maken verschillende voorspellingen over het modulerend
effect van positief affect op de prestatiemonitoring van hersenprocessen. Volgens de
verklaring in termen van stemming-als-afleiding zou een positieve stemming de
monitoring van de prestaties globaal moeten verminderen. Ter vergelijking: als
gemoedscongruente- of contrasteffecten een rol spelen, zou een positieve stemming tot
zeer specifieke veranderingen moeten leiden. Terwijl gemoedscongruentie de verwerking
van negatieve informatie (responsfout of negatieve feedback) zou kunnen belemmeren,
maar de verwerking van positieve en stemmingscongruente informatie (correcte responsen
of positieve feedback) zou verhogen, worden tegengestelde effecten verondersteld in het
kader van contrasteffecten. Door systematisch de modulerende effecten van positieve
gemoedstoestanden
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prestatiemonitoring te onderzoeken, probeerde het huidige proefschrift de feitelijke
modus operandi van het modulerend effect van een positieve gemoedstoestand op
prestatiemonitoring te specificeren.

Overview of the experimental Chapters
Om de effecten van positieve gemoedstoestanden te bestuderen, gebruikte het
huidige proefschrift een voordien gevalideerde stemminginductieprocedure (SIP) (Bakic et
al., 2014; Vanlessen et al., 2012). Met behulp van een between-subjects design werd een
positieve of neutrale stemming uitgelokt door middel van een geleide beeldspraak
procedure. Om te beginnen werden deelnemers vanuit hun eigen perspectief getraind in
multisensorische beelden (Holmes et al., 2006, 2008). Vervolgens werd hen gevraagd om
zich een neutrale of zeer gelukkige episode van autobiografische herinneringen zo levendig
mogelijk voor te stellen.
Belangrijk is dat deze SIP gecombineerd werd met een van de twee experimentele
paradigma's die geschikt zijn om prestatiemonitoring te verkennen. Foutcontrole werd
bestudeerd met behulp van een versnelde Go/NoGo-taak (Pourtois, 2011; Vocat et al., 2008),
waarin deelnemers gevraagd werd zo snel mogelijk te reageren bij bepaalde stimuli (Go trials) en hun reactie bij andere stimuli te onthouden ( NoGo-trials). Gegeven de
snelheidsdruk maakten alle deelnemers veel responsfouten, d.w.z. reacties op NoGo-trials.
Om de verwerking van feedback te onderzoeken gebruikten we een eenvoudige goktaak
(deurentaak; Hajcak et al., 2005), waarbij deelnemers één deur moesten kiezen uit een
reeks van vier deuren. Na hun keuze ontvingen deelnemers een beloning (een klein bedrag)
of geen beloning. Belangrijk is dat de kans op belonen aan het begin van elke trial werd
aangekondigd door middel van een specifieke cue.
In hoofdstuk 2 gebruikten we de deurentaak om de verwerking van beloningen en
geen-beloningen op het ERP-niveau in 44 subjecten te karakteriseren. We analyseerden de
ERP-gegevens met behulp van een geavanceerde topografische ERP-mappinganalyse en
een gedistribueerde bronlocalisatiemethode. Uit de resultaten b leek dat twee
hoofdtopografieën verantwoordelijk waren voor de bekomen ERP resultaten. De eerste was
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gevoelig voor het ontbreken van een beloning, ongeacht de verwachting. De bronlocalisatie
toonde voornamelijk regio's van het dorsolaterale anterior cingulaat. De tweede topografie
werd voornamelijk bepaald door beloning en verwachting. De intracraniële generatoren
voor deze topografie werden geschat zich in de achterste cingulate cortex te bevinden.
Deze nieuwe bevindingen suggereerden het bestaan van dissocieerbare hersensystemen
tijdens de verwerking van beloningen en het ontbreken ervan.
In hoofdstuk 3 hebben we de effecten van positieve stemming op foutmonitoring
getest. Voor 44 deelnemers combineerden we de SIP met de versnelde Go / NoGo -taak. De
resultaten toonden aan dat, hoewel de ERN niet werd beïnvloed door een positieve
stemming, de Pe betrouwbaar kleiner was in de positieve ten opzichte van de neutrale
gemoedsgroep. Deze resultaten werden verkregen in de afwezigheid van groepsverschillen
met betrekking tot gedragsprestaties en fysiologische opwinding. Onze bevindingen
suggereerden dat positieve stemming waarschijnlijk de motivationele betekenis van fouten
(Pe) verminderde, terwijl de voorafgaande automatische detectie (ERN) onveranderd bleef.
Om deze bevinding op te volgen, hebben we in hoofdstuk 4 aandacht besteed aan
gedragsindices van actiemonitoring en 48 deelnemers gevraagd een evaluatieve priming-

taak uit te voeren. Acties in de Go / NoGo-taak werden gebruikt als primes voor de evaluatie
van emotionele woorden. We concentreerden ons op de evaluatieve priming van acties
(waarbij responsfouten een negatieve waarde kregen), evenals post-error slowing (PES).
De resultaten toonden aan dat positieve stemming de evaluatieve component van acties
niet veranderde, wat werd bevestigd door een Bayes-factor analyses. Dienovereenkomstig
werden fouten nog steeds gezien als negatieve gebeurtenissen in een positieve stemming.
Waneer we echter opwinding mee in rekening brachten, ontdekten we dat geluk PES
verminderde en dus de motivatie-impact van fouten.
Om de feedbackverwerking te bestuderen, hebben we in hoofdstuk 5 de SIP
gecombineerd met de deurentaak bij 45 deelnemers. We ontdekten dat een positieve
stemming de FRN verhoogde bij geen-beloning feedback. Bovendien maakte FMθ-activiteit
geen onderscheid tussen verwachte en onverwachte beloning in deze groep. Een controle analyse toonde aan dat dit laatste resultaat niet kon worden verklaard door de loutere
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superpositie van de ERP-component op de FMθ-oscillaties. Dientengevolge interpreteerden
we deze resultaten als een weerspiegeling van een gemoedscongruentie -effect, waarbij
beloning werd verwacht als het standaardresultaat in een positieve gemoedstoestand en
werd verwerkt als niet-verrassend (zelfs wanneer het onwaarschijnlijk was), terwijl
feedback over het ontbreken van een beloning als onverwacht werd ervaren.
Hoewel de studies gerapporteerd in de hoofdstukken 3-5 bewijs leverden voor een
modulerende rol van positieve gemoedstoestand bij prestatiemonitoring, hadden ze geen
controle over de effecten van motivatie, die vaak samenhangen met een positieve
stemming. Gezien het feit dat benaderingsmotivatie de verwerking van beloningen kan
verhogen (Angus et al., 2015; Liu et al., 2017), was het noodzakelijk om uit te sluiten dat de
eerder gevonden effecten van positieve stemming op dit proces (hoofdstuk 5) alleen in
termen van motivationele veranderingen verklaard konden worden, in plaats van affectieve
valentie als zodanig.
In hoofdstuk 6 combineerden we de deurentaak met een manipulatie van de
beloningsgrootte (zonder enige SIP) bij 40 deelnemers. Dit stelde ons in staat om de
motivatie indirect te bestuderen, omdat het vergroten van de beloningsgrootheid
benaderingsmotivatie kan bevorderen (Kim, 2013; Novak & Foti, 2015; Simon et al., 2010;
Threadgill & Gable, 2016). Subjectieve rapporten lieten zien dat grote beloningen meer
gewaardeerd en verwacht werden dan kleine. Op EEG-niveau leidde toenemende
beloningsgrootte tot een grotere RewP ongeacht de verwachting, terwijl de FRN niet werd
beïnvloed door deze manipulatie. Ter vergelijking: FMθ power was over het algemeen
groter wanneer de beloningsgrootheid groot was, behalve wanneer het onverwacht was.
Deze resultaten weerspiegelden treffend de resultaten van hoofdstuk 5. De twee studies
in hoofdstuk 5 & 6 lieten echter niet toe om te beoordelen of de gerapporteerde effecten
gerelateerd waren aan positieve stemming of benaderingsmotivatie, aangezien de
gebruikte manipulaties (SIP in hoofdstuk 5 en beloningsgrootte in hoofdstuk 6)
waarschijnlijk zowel positieve stemming als benaderingsmotivatie deed toenemen.
Om deze vraag te beantwoorden, hebben we in hoofdstuk 7 voor 90 subjecten een
mindset manipulatie (Gollwitzer & Kinney, 1989) gecombineerd met de eerder gebruikte
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geleide beeldspraakprocedure (hoofdstuk 3-5) om drie verschillende affectieve toestanden
te creëren: een neutrale stemming; positieve stemming met hoge benaderingsmotivatie intensiteit; en positieve stemming met een lage benaderingsmotivatie -intensiteit. De
resultaten toonden aan dat, ongeacht de motivatie-intensiteit, de FMθ-activiteit niet
onderscheidde tussen het al dan niet verkrijgen van een beloning bij een positieve
stemming, waarmee onze vorige resultaten werden gerepliceerd (Hoofdstuk 5). Intrigere nd
genoeg bewerkstelligde hoge benaderingsmotivatie in een positieve stemming een
reductie in de RewP, in vergelijking met een lage gemoedstoestand in een positieve
stemming. Op basis van een gedrag follow-up experiment, suggereerden we dat een
contrasteffect tussen het saillante geactiveerde persoonlijke doel en de kleine monetaire
beloning die nu en dan werd geleverd vermoedelijk plaatsvond, waardoor op zijn beurt de
beloningsverwerking op het RewP-niveau afnam in deze conditie. De gedragsresultaten
bevestigden deze hypothese indirect. De resultaten van hoofdstuk 7 suggereerden echter
dat een positieve stemming, in plaats van benaderingsmotivatie, waarschijnlijk
verantwoordelijk was voor een verandering in de beloningsverwachting, wat zou
voortvloeien uit een optimistische vertekening in deze specifieke gemoedstoestand.

Discussie
De huidige thesis toonde aan dat positieve stemming niet louter afleiding veroorzaakt
voor cognitie, en als gevolg daarvan alleen prestatiemonitoring zou belemmeren. In plaats
daarvan biedt een positieve stemming het organisme waarschijnlijk een krachtig
informatiesignaal (Mitchell & Phillips, 2007; Schwarz & Clore, 2003), dat uiteindelijk helpt
om de verwerking van relevante signalen tijdens prestatiemonitoring te verhogen of te
verlagen, afhankelijk van de specifieke context en taakvereisten (Fredrickson, 2013;
Pourtois et al., 2017). Dit werd hier in dit werk aangetoond door de aanwezigheid van
opvallende stemmingscongruente effecten tijdens prestatiemonitoring, waarbij een
positieve stemming verschillende modulerende effecten opleverde, afhankelijk van de
specifieke informatie die aan de deelnemers werd verstrekt. Meer specifiek, tijdens de
verwerking van interne informatie (hier met focus reactiefouten), verlaagt positieve
stemming hun motivationele betekenis, waarschijnlijk omdat deze aversieve
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gebeurtenissen niet overeenstemmen met de interne informatie die door de
gemoedstoestand wordt verschaft. De nadruk wordt gelegd op de aanwezigheid van een
goedaardige en veilige omgeving (Bodenhausen et al., 1994; Fiedler, 2001). Tijdens de
verwerking van externe informatie (evaluatieve terugkoppeling) verhoogt positieve
stemming niet alleen de verwerking van stemmig-congruente informatie (dat wil zeggen
beloning), maar induceert het ook een intrigerende optimistische bias (Loewenstein &
Lerner, 2003; Sharot et al., 2011). Wanneer de feedback na het gokken onverwacht maar
belonend was, werd deze in positieve stemming als niet-verrassend behandeld.
Toekomstige studies zijn nodig om de functionele betekenis van deze veranderingen tijdens
prestatiemonitoring door positieve stemming zoals waargenomen op neurofysiologisch
niveau verder te onderzoeken. Daarenboven, toekomstig onderzoek moet eveneens
vaststellen of ze al dan niet direct bijdragen aan het cultiveren en behouden van de
gunstige effecten van deze specifieke gemoedstoestand op psychisch welbevinden en
gezondheid.
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Data Storage Fact Sheet for Chapter 2

Name/identifier study: Dissociable effects of reward and expectancy
Author: Davide Gheza / Katharina Paul
Date: 11-12-2017
1. Contact details
1a. Main researcher
- name: Davide Gheza
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Gheza.Davide@ugent.be
1b. Responsible Staff Member (ZAP)
- name: Gilles Pourtois
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Gilles.Pourtois@ugent.be
If a response is not received when using the
above contact details, please send an email to
data.pp@ugent.be or contact Data Management,
Faculty of Psychology and Educational Sciences,
Henri Dunantlaan 2, 9000 Ghent, Belgium.

2. Information about the datasets to which
this sheet applies
 Reference of the publication in which
the datasets are reported:

Chapter 2 of the PhD dissertation: The
effects of positive mood and motivation on
performance monitoring and reward
expectation: A systematic
psychophysiological investigation.
Gheza, D., Paul, K., & Pourtois, G. (2018).
Dissociable effects of reward and
expectancy during evaluative feedback
processing revealed by topographic ERP
mapping analysis. International Journal of
Psychophysiology, 132, 213–225.
 Which datasets in that publication
does this sheet apply to?

All data.
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3. Information about the files that have
been stored
3a. Raw data
 Have the raw data been stored by the
main researcher?
 YES /  NO
 On which platform are the raw data
stored?
-  researcher PC
-  research group file server
-  other: external hard drive;
 Who has direct access to the raw data?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other
3b. Other files
 Which other files have been stored?
-  file(s) describing the transition
from raw data to reported results: see

methodology section in the article and
corresponding Readme .txt files
-  file(s) containing processed data:

Individual Subjects EEGLAB files (.set),
Cartool Files (.ep, .seg), Loreta Files (.slor),
SPSS syntax (.sav)
-  file(s) containing analyses.
-  files(s) containing information
about informed consent
-  a file specifying legal and ethical
provisions
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-  file(s) that describe the content of
the stored files and how this content
should be interpreted.
-  other files.
 On which platform are these other
files stored?
-  individual PC
-  research group file server
-  other: external hard drive

 Who has direct access to these other
files?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other
4. Reproduction
 Have the results been reproduced
independently?
 YES /  NO

Data Storage Fact Sheet for Chapter 3
Name/identifier study: Modulatory effects of happy mood on performance monitoring: Insights
from error-related brain potentials
Author: Katharina Paul
Date: 06-09-2016
1. Contact details
1a. Main researcher
- name: Katharina Paul
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Katharina.Paul@ugent.be
1b. Responsible Staff Member (ZAP)
- name: Gilles Pourtois
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Gilles.Pourtois@ugent.be

Paul, K., Walentowska, W., Bakic, J.,
Dondaine, T., & Pourtois, G. (2017).
Modulatory effects of happy mood on
performance monitoring: Insights from
error-related brain potentials. Cognitive,
Affective and Behavioral Neurosciencee,
17(1), 106–123.
 Which datasets in that publication
does this sheet apply to?

All data.
If a response is not received when using the
above contact details, please send an email to
data.pp@ugent.be or contact Data Management,
Faculty of Psychology and Educational Sciences,
Henri Dunantlaan 2, 9000 Ghent, Belgium.

2. Information about the datasets to which
this sheet applies
 Reference of the publication in which
the datasets are reported:

Chapter 3 of the PhD dissertation: The
effects of positive mood and motivation on
performance monitoring and reward
expectation: A systematic
psychophysiological investigation.

3. Information about the files that have
been stored
3a. Raw data
 Have the raw data been stored by the
main researcher?
 YES /  NO
 On which platform are the raw data
stored?
-  researcher PC
-  research group file server
-  other: external hard drive;
 Who has direct access to the raw data?
-  main researcher
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 responsible ZAP
 all members of the research group
 all members of UGent
 other
3b. Other files
 Which other files have been stored?
-  file(s) describing the transition
from raw data to reported results: see
-

methodology section in the article and
corresponding Readme .txt files
-  file(s) containing processed data:

Individual Subjects BVA History files
(.hfinf2, .ehst2), Cartool Files (.ep, .seg),
Loreta Files (.slor), Matlab files (.mat),
Behavioral data (.txt), SPSS syntax (.sav)
-  file(s) containing analyses.
-  files(s) containing information
about informed consent
-  a file specifying legal and ethical
provisions
-  file(s) that describe the content of
the stored files and how this content
should be interpreted.

-  other files.
 On which platform are these other
files stored?
-  individual PC
-  research group file server
-  other: external hard drive
 Who has direct access to these other
files?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other
4. Reproduction
 Have the results been reproduced
independently?
 YES /  NO

Data Storage Fact Sheet for Chapter 4
Name/identifier study: Happiness and the motivational impact of response errors
Author: Katharina Paul
Date: 19-02-2019
1. Contact details
1a. Main researcher
- name: Katharina Paul
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Katharina.Paul@ugent.be
1b. Responsible Staff Member (ZAP)
- name: Gilles Pourtois
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Gilles.Pourtois@ugent.be
If a response is not received when using the
above contact details, please send an email to
data.pp@ugent.be or contact Data Management,
Faculty of Psychology and Educational Sciences,
Henri Dunantlaan 2, 9000 Ghent, Belgium.
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2. Information about the datasets to which
this sheet applies
 Reference of the publication in which
the datasets are reported:

Chapter 4 of the PhD dissertation: The
effects of positive mood and motivation on
performance monitoring and reward
expectation: A systematic
psychophysiological investigation.
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 Which datasets in that publication
does this sheet apply to?

All data.
3. Information about the files that have
been stored
3a. Raw data
 Have the raw data been stored by the
main researcher?
 YES /  NO
 On which platform are the raw data
stored?
-  researcher PC
-  research group file server
-  other: external hard drive;
 Who has direct access to the raw data?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other
3b. Other files
 Which other files have been stored?
-  file(s) describing the transition
from raw data to reported results: see

methodology section in the article and
corresponding Readme .txt files

-  file(s) containing processed data:

Behavioral data (.txt), SPSS syntax (.sav)
-  file(s) containing analyses.
-  files(s) containing information
about informed consent
-  a file specifying legal and ethical
provisions
-  file(s) that describe the content of
the stored files and how this content
should be interpreted.
-  other files.
 On which platform are these other
files stored?
-  individual PC
-  research group file server
-  other: external hard drive
 Who has direct access to these other
files?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other
4. Reproduction
 Have the results been reproduced
independently?
 YES /  NO

Data Storage Fact Sheet for Chapter 5
Name/identifier study: Mood Congruent Tuning of Reward Expectation in Positive Mood:
Evidence from FRN and Theta Modulations
Author: Katharina Paul
Date: 16-02-2017
1. Contact details
1a. Main researcher
- name: Katharina Paul
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Katharina.Paul@ugent.be
1b. Responsible Staff Member (ZAP)

- name: Gilles Pourtois
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Gilles.Pourtois@ugent.be
If a response is not received when using the
above contact details, please send an email to
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data.pp@ugent.be or contact Data Management,
Faculty of Psychology and Educational Sciences,
Henri Dunantlaan 2, 9000 Ghent, Belgium.

2. Information about the datasets to which
this sheet applies
 Reference of the publication in which
the datasets are reported:

Chapter 5 of the PhD dissertation: The
effects of positive mood and motivation on
performance monitoring and reward
expectation: A systematic
psychophysiological investigation.
Paul, K., & Pourtois, G. (2017). Mood
congruent tuning of reward expectation in
positive mood: evidence from FRN and
theta modulations. Social Cognitive and
Affective Neuroscience, 12(5), 765–774
 Which datasets in that publication
does this sheet apply to?

All data.
3. Information about the files that have
been stored
3a. Raw data
 Have the raw data been stored by the
main researcher?
 YES /  NO
 On which platform are the raw data
stored?
-  researcher PC
-  research group file server
-  other: external hard drive;
 Who has direct access to the raw data?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other
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3b. Other files
 Which other files have been stored?
-  file(s) describing the transition
from raw data to reported results: see

methodology section in the article and
corresponding Readme .txt files
-  file(s) containing processed data:

Individual Subjects EEGLAB files (.set),
time-frequency data (.ersp), Matlab files
(.mat), Behavioral data (.txt), SPSS syntax
(.sav)
-  file(s) containing analyses.
-  files(s) containing information
about informed consent
-  a file specifying legal and ethical
provisions
-  file(s) that describe the content of
the stored files and how this content
should be interpreted.
-  other files.
 On which platform are these other
files stored?
-  individual PC
-  research group file server
-  other: external hard drive
 Who has direct access to these other
files?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other
4. Reproduction
 Have the results been reproduced
independently?
 YES /  NO

Chapter 12

Data Storage Fact Sheet for Chapter 6
Name/identifier study: Dissociable Effects of Reward Magnitude on fronto-medial Theta and
FRN
Author: Katharina Paul
Date: 19-02-2018

1. Contact details
1a. Main researcher
- name: Katharina Paul
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Katharina.Paul@ugent.be
1b. Responsible Staff Member (ZAP)
- name: Gilles Pourtois
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Gilles.Pourtois@ugent.be
If a response is not received when using the
above contact details, please send an email to
data.pp@ugent.be or contact Data Management,
Faculty of Psychology and Educational Sciences,
Henri Dunantlaan 2, 9000 Ghent, Belgium.

2. Information about the datasets to which
this sheet applies
 Reference of the publication in which
the datasets are reported:

Chapter 6 of the PhD dissertation: The
effects of positive mood and motivation on
performance monitoring and reward
expectation: A systematic
psychophysiological investigation.
 Which datasets in that publication
does this sheet apply to?

All data.
3. Information about the files that have
been stored
3a. Raw data
 Have the raw data been stored by the
main researcher?
 YES /  NO
 On which platform are the raw data
stored?

-  researcher PC
-  research group file server
-  other: external hard drive;
 Who has direct access to the raw data?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other
3b. Other files
 Which other files have been stored?
-  file(s) describing the transition
from raw data to reported results: see

methodology section in the article and
corresponding Readme .txt files
-  file(s) containing processed data:

Individual Subjects EEGLAB files (.set),
time-frequency data (.ersp), Matlab files
(.mat), Behavioral data (.txt), SPSS syntax
(.sav)
-  file(s) containing analyses.
-  files(s) containing information
about informed consent
-  a file specifying legal and ethical
provisions
-  file(s) that describe the content of
the stored files and how this content
should be interpreted.
-  other files.
 On which platform are these other
files stored?
-  individual PC
-  research group file server
-  other: external hard drive
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 Who has direct access to these other
files?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent

-  other
4. Reproduction
 Have the results been reproduced
independently?
 YES /  NO

Data Storage Fact Sheet for Chapter 7
Name/identifier study: Modulatory Effects of Positive Mood and Approach Motivation on
Reward Processing
Author: Katharina Paul
Date: 19-02-2018

If a response is not received when using the
above contact details, please send an email to
data.pp@ugent.be or contact Data Management,
Faculty of Psychology and Educational Sciences,
Henri Dunantlaan 2, 9000 Ghent, Belgium.

 Have the raw data been stored by the
main researcher?
 YES /  NO
 On which platform are the raw data
stored?
-  researcher PC
-  research group file server
-  other: external hard drive;
 Who has direct access to the raw data?
-  main researcher
-  responsible ZAP
-  all members of the research group
-  all members of UGent
-  other

2. Information about the datasets to which
this sheet applies
 Reference of the publication in which
the datasets are reported:

3b. Other files
 Which other files have been stored?
-  file(s) describing the transition
from raw data to reported results: see

1. Contact details
1a. Main researcher
- name: Katharina Paul
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Katharina.Paul@ugent.be
1b. Responsible Staff Member (ZAP)
- name: Gilles Pourtois
- address: Henri Dunantlaan 2, 9000 Gent
- e-mail: Gilles.Pourtois@ugent.be

Chapter 7 of the PhD dissertation: The
effects of positive mood and motivation on
performance monitoring and reward
expectation: A systematic
psychophysiological investigation.
 Which datasets in that publication
does this sheet apply to?

All data.
3. Information about the files that have
been stored
3a. Raw data
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methodology section in the article and
corresponding Readme .txt files
-  file(s) containing processed data:

Individual Subjects EEGLAB files (.set),
time-frequency data (.ersp), Matlab files
(.mat), Behavioral data (.txt), SPSS syntax
(.sav)
-  file(s) containing analyses.
-  files(s) containing information
about informed consent
-  a file specifying legal and ethical
provisions
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-  file(s) that describe the content of
the stored files and how this content
should be interpreted.
-  other files.
 On which platform are these other
files stored?
-  individual PC
-  research group file server
-  other: external hard drive

-

 main researcher
 responsible ZAP
 all members of the research group
 all members of UGent
 other

4. Reproduction
 Have the results been reproduced
independently?
 YES /  NO

 Who has direct access to these other
files?
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