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Abstract 
Self-beliefs are essential to our identity and emotional well-being. They are formed through 

self-related feedback from the environment. The processing of feedback is influenced by 

self-related motivations and emotional experiences. This can lead to biased weighting of 

incoming information when updating beliefs depending on whether it is better or worse 

than expected. In depression, these biases can perpetuate maladaptive beliefs. This 

dissertation explores how novel self-beliefs are formed, using neuroscientific and 

computational methods to model belief formation in response to feedback. Across four 

studies, biases in self-belief formation were examined in individuals with and without 

depression, considering individual and contextual factors such as affective experiences, 

symptom burden, and stress. Participants engaged in a learning task with trial-by-trial 

performance feedback in relatively unfamiliar domains, designed to elicit the formation of 

novel self-beliefs. 

Self-belief updates were best described by prediction error valence, with consistent 

findings of a negativity bias specific to self-beliefs but absent for beliefs about others. 

Study 1 investigated audience effects on self-belief formation and links to global prior self-

beliefs indicated by self-esteem.  It showed that more negative global self-beliefs were 

associated with more negative self-belief formation. In a public context, belief formation 

was more negative in those with higher subclinical social anxiety. Study 2 combined 

functional magnetic resonance imaging (fMRI), pupillometry, and emotion ratings to 

demonstrate that more negative self-belief formation was associated with the experience 

of more embarrassment and less pride, as well as more arousal, as indicated by pupil 

dilation. Neurally, it was linked to a heightened activity to more negative prediction errors 

in the anterior insula, amygdala, midbrain regions, and medial prefrontal cortex. Study 3 

examined individuals with depression and healthy controls using fMRI. Individuals with 

depression showed stronger reactivity in the insula to negative compared to positive 

prediction errors. Despite no group differences in behavior, individuals with a higher 

symptom burden exhibited more biased belief formation, displaying more negativity 

towards themselves and more positivity towards others. In individuals with depression, in 

particular, symptom burden was linked to reduced updates following positive prediction 

errors. Study 4 showed that self-belief formation was less negatively biased following 

social-evaluative threat, which was associated with better recovery from stress-induced 

negative affect.  

In summary, the studies show a negativity bias when forming beliefs about one®s ability. 

This may be related to motivations present in performance contexts like improvement 

motivation or motivation to avoid failure with a threat driven focus on negative feedback. 

The findings also highlight the critical role of individual factors like current affective 

experience, global prior self-beliefs, and symptom burden, alongside contextual factors 

like social evaluative stress in self-belief formation. Neurally, the studies identify the insula 

as central to processing affective, self-related feedback linked to biased updating. 

Notably, in individuals with depression, reduced self-belief updating following positive 

prediction errors with increased symptom burden suggests a diminished receptivity to 

corrective positive feedback, which may perpetuate maladaptive self-beliefs.



Zusammenfassung 
Selbstüberzeugungen sind wesentlich für unsere Identität und unser Wohlbefinden. Sie 

werden durch selbstbezogene Rückmeldungen aus der Umwelt gebildet. Die 

Verarbeitung dieser Rückmeldungen wird von selbstbezogenen Motivationen und 

emotionalem Erleben beeinflusst. Dies kann zu einer verzerrten Gewichtung eingehender 

Information führen, je nachdem, ob sie besser oder schlechter als erwartet ist. Bei 

Depressionen kann diese verzerrte Informationsverarbeitung maladaptive 

Überzeugungen aufrechterhalten. In dieser Dissertation wird untersucht, wie neue 

Selbstüberzeugungen gebildet werden, wobei neurowissenschaftliche und 

computergestützte Methoden zur Modellierung der Überzeugungsbildung als Reaktion 

auf Feedback eingesetzt werden. In vier Studien wurden Verzerrungen bei der Bildung 

von Selbstüberzeugungen bei Personen mit und ohne Depression untersucht, wobei 

individuelle und kontextuelle Faktoren wie affektives Erleben, Symptombelastung und 

Stress berücksichtigt wurden. In mehreren Durchgängen bearbeiteten die Teilnehmenden 

eine Lernaufgabe mit Leistungsfeedback bezüglich relativ ungewohnter Domänen, was 

die Bildung neuer Selbstüberzeugungen anregen sollte. 

Die Anpassung der Selbstüberzeugung an Feedback wurden am besten durch die 

Vorhersagefehlervalenz beschrieben, mit dem konsistenten Befund einer 

Negativitätsverzerrung. Diese war für Selbstüberzeugungen spezifisch und bei 

Überzeugungen über andere nicht vorhanden. Studie 1 untersuchte die Auswirkungen 

von Publikum auf die Bildung von Selbstüberzeugungen sowie den Zusammenhang mit 

globalen Vorannahmen über sich, erfasst durch den Selbstwert.  Es zeigte sich, dass 

negativere globale Vorannahmen mit einer negativeren Selbstüberzeugungsbildung 

verbunden sind. In einem öffentlichen Kontext war die Überzeugungsbildung bei Personen 

mit höherer subklinischer sozialer Ängstlichkeit negativer. In Studie 2 wurden funktionelle 

Magnetresonanztomographie (fMRI), Pupillometrie und Emotionsratings kombiniert, um 

zu zeigen, dass die Bildung negativer Selbstüberzeugungen mit dem Erleben von mehr 

Peinlichkeit und weniger Stolz sowie mit erhöhter Anspannung verbunden war, was durch 

die Pupillenerweiterung gemessen wurde. Auf neuronaler Ebene wurde dies mit einer 

erhöhten Aktivität bei negativen Vorhersagefehlern in der anterioren Insula, der Amygdala, 

Regionen im Mittelhirn und dem medialen präfrontalen Kortex in Verbindung gebracht.  In 

Studie 3 wurden Personen mit Depressionen und gesunde Kontrollpersonen mittels fMRI 

untersucht. Personen mit Depressionen zeigten eine stärkere Reaktivität in der Insula auf 

negative im Vergleich zu positiven Vorhersagefehlern. Obwohl es keine 

Gruppenunterschiede im Verhalten gab, wiesen Personen mit einer höheren 

Symptombelastung eine verzerrtere Überzeugungsbildung auf. Dies drückte sich durch 

eine stärker negative Überzeugungsanpassung bei Selbstüberzeugungen und stärker 

positiver Anpassung bei Überzeugungen über andere aus. Spezifisch bei Personen mit 

Depressionen war die Symptombelastung mit einer geringeren Anpassung nach positiven 

Vorhersagefehlern verbunden. Studie 4 zeigte, dass die Bildung von 
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Selbstüberzeugungen nach Stress durch soziale Bewertung weniger negativ verzerrt war, 

was mit einer besseren Erholung von stressbedingtem negativem Affekt verbunden war.  

Zusammenfassend zeigten die Studien eine negative Verzerrung bei der Bildung von 

Überzeugungen über die eigenen Fähigkeiten auf. Dies kann mit Motivationen in 

Leistungskontexten zusammenhängen, wie z. B. Verbesserungsmotivation oder 

Motivation zur Vermeidung von Misserfolgen mit einem bedrohungsgesteuerten Fokus auf 

negatives Feedback. Die Ergebnisse unterstreichen die entscheidende Rolle individueller 

Faktoren wie aktuelles affektives Erleben, globale Vorannahmen über sich und 

Symptombelastung sowie kontextueller Faktoren wie sozialer Stress bei der Bildung von 

Selbstüberzeugungen. Auf neuronaler Ebene identifizieren die Studien die Insula als 

zentral für die Verarbeitung affektiver, selbstbezogener Rückmeldungen, die mit einer 

verzerrten Anpassung von Selbstüberzeugungen an Feedback verbunden sind. 

Insbesondere bei Menschen mit Depressionen deutet eine geringere Anpassung der 

Selbstüberzeugung nach positiven Vorhersagefehlern bei erhöhter Symptombelastung 

auf eine verminderte Empfänglichkeit für korrigierendes positives Feedback hin. Dies trägt 

möglicherweise zu einer Aufrechterhaltung maladaptiver Selbstüberzeugung bei. 



1 General Introduction 

1.1 Intro to this thesis 

Our beliefs are the lenses through which we see ourselves, others, and the world (Ellis & 

Dryden, 1997; Yeager & Dweck, 2012). They shape our expectations, guide our attention 

and perception, and drive our actions (Hughes & Zaki, 2015). This means we are not 

passive recipients of our environment; rather, we actively generate predictions (Barrett, 

2017a; Clark, 2013; Friston, 2010). This shapes how we process information and can 

result in a biased integration of new information, especially in response to self-related 

feedback. Predictions are guided by our learned beliefs shaped by personal learning 

history (Bandura, 1977; Friston, 2005; Wolpert & Miall, 1996). While research has 

frequently addressed self-beliefs and single belief updates, the learning history underlying 

self-belief formation has received less attention. This thesis aims to investigate the 

formation of relatively novel self-belief and explore the biases inherent in this process. 

Using a newly developed learning paradigm, self-belief formation will be computationally 

modeled in four consecutive studies. Relationships between biases and neural correlates, 

individual factors such as self-esteem or affective experience, as well as contextual factors 

such as stress will be examined. Both healthy participants and individuals with depression 

will be included to investigate possible psychopathological dynamics in self-belief 

formation, with a special focus on a dimensional perspective on psychopathology. This 

should enable the translation into the clinical context to discuss how biased self-beliefs 

can be addressed. 

1.2 Introduction to belief updating 

To navigate a changing environment, we refine our learned beliefs to make more precise 

predictions (Bandura, 2001; Clark, 2013). This means beliefs are dynamic and can evolve 

as individuals encounter situations that deviate from expectations (Markus & Wurf, 1987; 

Mokady & Reggev, 2022). This belief updating process results from minimizing prediction 

errors, the mismatch between prediction and actual outcome (Friston, 2005). Prediction 

errors can be minimized by either updating the belief towards the new information or by 

engaging in actions to change the environment to make it match the predictions; for 

example, reinterpreting incoming information (Mokady & Reggev, 2022). The latter is 

referred to as active inference and suggests that perception and action are deeply 

intertwined. As mentioned above, this means that the brain is not a passive observer but 

an active participant in shaping sensory experiences (Bromberg-Martin & Sharot, 2020; 

Clark, 2013; Friston, 2010). The more one tends toward active inference in a specific 

situation, the less deviating information is integrated, making it more likely that a belief 

remains unchanged. 

Whether a belief is updated or not depends on various factors. One could assume that 

whenever a person encounters new information that deviates from their belief, the belief 

is adjusted accordingly. However, this is not always the case, as optimizing the accuracy 

of future predictions and maximizing external outcomes is not the only goal of this process. 
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Instead, beliefs are also associated with an internal outcome such as pleasant feelings; 

that is, beliefs have value in themselves (Bromberg-Martin & Sharot, 2020). For example, 

people like to be right and prefer to hold beliefs with high certainty. This can result in 

prioritizing certain information and neglecting others (Leong et al., 2019). Attention 

control, information selection, and belief updating are motivated by optimizing internal 

outcomes in order to approach positive states and avoid unpleasant states (Loewenstein, 

2006). 

While also internal outcomes can depend on a belief®s accuracy (e.g., accurately positive 

beliefs can lead to pride and overly positive, i.e., inaccurate beliefs to disappointment once 

the test result is received), there are also accuracy-independent external or internal 

outcomes that determine a belief®s value (Sharot et al., 2023). For example, adhering to 

the same beliefs as a social in-group can be associated with social acceptance (external) 

and a positive sense of belonging (internal). Since most beliefs relate to hidden, not 

directly observable, aspects of the self or the world, they often involve a degree of 

uncertainty. Also, incoming information can be vague or precise (Sharot et al., 2023). 

These levels of uncertainty can also contribute to whether a belief is updated, with less 

weight given to vague information (Ernst & Banks, 2002; Sharot et al., 2023). In the 

following, the significance of the valence of beliefs is emphasized, which is particularly 

relevant for self-beliefs. 

Self-belief updating 

Self-beliefs refer to the perceptions and attitudes individuals hold about their abilities, 

traits, values, or life circumstances (Bandura, 1982; Baumeister, 2019; Markus & Nurius, 

1986). They go along with a special emotional investment and specific motivational factors 

(see 1.2.1; Deci & Ryan, 2000). This means the internal outcomes determining a belief®s 

value are essential for self-beliefs. For example, holding a self-serving belief is associated 

with positive affect and mental health in the long term (Taylor & Brown, 1988). To increase 

internal outcomes like happiness or pride, prediction errors receive more or less weight in 

the updating process depending on their valence. Therefore, some self-beliefs and their 

associated affect can be approached and preferably integrated, and others avoided. A 

tendency to update some beliefs while engaging in active inference to maintain other 

beliefs results in an overall biased self-belief updating (Sharot & Garrett, 2016). The link 

between self-belief updating and affect is recursive as beliefs are associated with certain 

affects, and certain affective states make certain beliefs especially present. This means 

affect influences the process of belief updating, and belief updating, in turn, influences the 

affective state (Bromberg-Martin & Sharot, 2020). As we actively construct our 

environment through predictions and active inference, the processing of incoming 

information must be considered against the background of self-related motivation and 

associated emotions in order to understand biased belief updating (Sharot et al., 2023). 

Many studies on healthy samples have reported belief updating in a self-serving way by a 

stronger adjustment towards information that is better than expected (Eil & Rao, 2010; 

Korn et al., 2012; Kuzmanovic et al., 2016; Möbius et al., 2011; Sharot et al., 2011). This 

bias has been referred to as positivity or optimism bias. It has been shown when updating 
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beliefs about one®s future (Kuzmanovic & Rigoux, 2017; Sharot et al., 2011), personality 

(Korn et al., 2012), academic performance (Villano et al., 2023), intelligence, or 

appearance (Eil & Rao, 2010; Möbius et al., 2011). Another frequently reported bias in 

belief updating is the confirmation bias. This means individuals seek and process 

information in a way that matches their prior beliefs (Swann & Read, 1981b). When facing 

contrary evidence, individuals might engage in active inference and critically scrutinize it, 

find errors, or devalue the relevance to maintain their existing belief (Mokady & Reggev, 

2022).  

Other studies in healthy samples have shown negative biases in updating self-beliefs 

(Brotzeller & Gollwitzer, 2024; Ertac, 2011; Zamfir & Dayan, 2022). Unlike self-belief 

updating paradigms with a positive bias, these paradigms typically examine belief 

updating in a performance context with active task execution. This shows that self-belief 

updating can be biased in both directions. It implies that the context may be essential for 

understanding self-belief updating (see 1.3.2), as different learning tasks elicit different 

self-related motivations and affective experiences (Elliot & McGregor, 2001). This could 

influence the direction and extent to which learning is biased. Affective states and 

motivations can also depend on different learning conditions, such as learning under 

stress (Garrett et al., 2018a; Globig et al., 2022). Thus, the conditions in which a learning 

task is embedded are also important when studying the dynamics of self-beliefs. 

To better understand how exactly self-related motivations and emotions relate to biased 

self-belief updating, these concepts will first be explained in more detail. Afterward, they 

will be connected to specific task characteristics, such as the type of self-belief addressed 

or the type of feedback, as well as to the contextual task embedding. In this way, a 

framework of contextual factors, corresponding motivations and emotions, and potential 

biases will be provided. The studies in this thesis will later be integrated into this, which 

should enable a structured discussion of the findings. 

1.3 Drivers of biased self-belief updating 

1.3.1 The role of affect and motivation in self-belief updating 

Self-related motivations shape how we interact with our environment, seek or avoid 

certain social feedback, and judge its validity (Hughes & Zaki, 2015). Therefore, 

motivation and the associated emotions are crucial for understanding self-related 

feedback processing (Somerville et al., 2010; Yoon et al., 2018). Whether feedback is 

categorized as useful or false, rewarding or threatening, can influence to which extent it 

is used to adjust a self-belief (Kluger & DeNisi, 1996; Sharot et al., 2023). 

The motivations in feedback processing can be broadly categorized into the approach of 

rewarding and avoidance of negative outcomes (Elliot et al., 2006; Gable, 2006). On the 

one hand, individuals seek feedback that confirms or enhances their positive self-views, 

driven by a desire for a positive feeling about themselves (Hepper et al., 2010; Swann, 

1983). This pursuit of positive reinforcement helps maintain self-esteem and cognitive 

consistency (Abelson et al., 1968; Crocker & Park, 2004; Harter, 1999). On the other 

hand, individuals engage in threat monitoring to be able to avoid negative social evaluation 
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and the accompanying negative emotions, such as embarrassment or shame, in the long 

term (Lewis, 2008; Strachman & Gable, 2006). By looking at these dual motivations and 

the associated emotions, we can gain insights into their impact on biases in updating self-

beliefs. 

Self-related approach motivations 

Self-related approach motivations revolve around self-enhancement, self-verification,  

self-improvement (Sedikides & Strube, 1997), and self-assessment (Brown et al., 2015; 

Leary, 2007). Self-enhancement theory suggests that individuals aim to achieve positive 

self-evaluations to hold self-serving views about themselves (Leary, 2007; Sedikides & 

Strube, 1997; Taylor & Brown, 1988). This drive leads to overestimations of one®s abilities 

and positive attributes, also called the above-average effect (Sedikides & Gregg, 2008; 

Zell et al., 2020). Self-enhancement motivation results in a self-serving information 

selection, for example, downward social comparisons (Wills, 1981; Wood, 1989) and self-

serving interpretations like attributing positive outcomes to oneself and negative outcomes 

to external factors (Miller & Ross, 1975). Aside from rewarding feelings of personal 

competence or self-worth, this motivation also has the social component to be positively 

evaluated by others (Leary, 2007). This can shape social interaction by managing one®s 

impression in front of others, for example, by presenting oneself in a favorable or socially 

conform way (Leary & Kowalski, 1990). Self-enhancement motivation and impression 

management are conceptually related to performance-approach goals in educational 

settings (Ames & Archer, 1988). It refers to the focus on one's performance in comparison 

to others and on performance measures such as grades with the motivation to be better 

than others (Ames, 1992). Self-enhancement can lead to distorted predictions about 

one's abilities, behavior, or life circumstances. For example, people overestimate when 

they complete work projects, are unrealistically optimistic about their health risks, 

overestimate the likelihood that they will behave desirably, or how prevalent their opinions 

and preferences are among their peers (Dunning et al., 2004). 

Self-verification theory posits that individuals aim to confirm pre-existing self-beliefs 

through their environment and interactions (Swann, 1983). They seek information and 

process it in a way that aligns with their current self-view (Swann & Read, 1981a). This 

maintains cognitive consistency and reinforces their beliefs about themselves (Abelson et 

al., 1968). It creates the positive feeling of a coherent and predictable world (Swann, 

2012), which corresponds to the need for security, control, and, therefore, autonomy 

(Deci & Ryan, 2000). On a social level, people strive for others to see them as they see 

themselves (Swann, 1983). In social interactions, people engage in behaviors that elicit 

confirmatory feedback and prefer to associate with others who verify their self-views. By 

aligning others' perceptions with their own, individuals can reduce uncertainty and create 

a stable social identity (Swann, 1983; Swann et al., 1994). 

Self-assessment is the desire to obtain accurate and diagnostically valuable information 

about oneself (Brown et al., 2015; Leary, 2007). It stems from the need to align the self-

perception with reality. By engaging in self-assessment, people aim to reduce uncertainty 
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about their strengths and weaknesses, which can guide decision-making, for example, in 

career orientation and support self-improvement (Sedikides & Strube, 1997). 

The motivation for self-improvement (Sedikides & Hepper, 2009) is regarded here as 

synonymous with the learning or mastery goal in educational settings (Ames & Archer, 

1988) that aims to improve or develop new skills.  The emphasis is on learning itself 

instead of performance compared to others, which is the focus of performance-approach 

goals/ self-enhancement. For self-improvement, mastery is seen as dependent on effort 

(Ames & Archer, 1988). Central to this motivation is self-efficacy, which is the belief in 

one's capacity to improve abilities through effort and learning (Bandura, 1977). Individuals 

who perceive their abilities as changeable are driven by a desire to gain competence and 

autonomy (Deci, 2009). This motivation propels individuals to seek out and utilize 

feedback to enhance their skills and achieve their goals (London, 2003). In contrast to 

self-enhancement, negative information can be valuable here because it provides 

information about where effort is needed (Sedikides & Hepper, 2009). However, the type 

of feedback matters. Negative feedback that is specific and behavior-oriented and does 

not threaten self-worth too much promotes the approach motivation of self-improvement 

(Engerer et al., 2019). Upward social comparison feedback is compatible with self-

improvement motivation when self-threat is low, and hope for change is induced (e.g., ¯I 

can make it, too.°; Sedikides & Hepper, 2009). If negative feedback is based on globally 

devaluing criticism, self-worth is more likely under threat, and avoidance motivation tends 

to drive feedback processing (Hattie & Timperley, 2007). 

Self-related avoidance motivations 

While self-related feedback can be rewarding and motivate to approach positive or 

confirming self-images, it can also threaten self-esteem or social belonging (Hoefler et al., 

2015; Somerville et al., 2010). Contexts that primarily create a threat of negative social 

evaluation or exclusion go along with the motivation to avoid this (Smart Richman & Leary, 

2009). Thus, self-related avoidance motivation is also important for understanding 

feedback processing and self-belief updating. A context that typically elicits the fear of 

failure is a performance context. Whenever people actively engage in a task and receive 

direct feedback on their performance, they are motivated to avoid negative evaluation. 

Avoidance motivation in performance contexts can be distinguished into performance-

avoidance goals and mastery-avoidance goals (Elliot & McGregor, 2001). Performance-

avoidance goals aim to avoid performing worse than others, while mastery-avoidance 

goals focus on avoiding a decline in personal competence. An underlying concern is 

usually being devalued by others. To avoid this, negative feedback contains special 

information content as an indication of possible social devaluation (Baumeister & Leary, 

1995). Thus, attention is shifted to potential threats (Strachman & Gable, 2006), also 

called threat monitoring (Shechner & Bar-Haim, 2016). To some extent, threat monitoring 

is adaptive and present in healthy individuals (Shechner & Bar-Haim, 2016). For example, 

when giving a talk, most people experience increased anxiety and instinctively scan for 

critical or bored facial expressions in the audience. As humans are social beings who want 

to avoid social exclusion, monitoring potential negative evaluation is helpful to a certain 
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extent (Pickett et al., 2004). Especially in the short term, it can regulate anxiety by 

fostering a sense of control or catching a reassuring audience response. However, 

prolonged threat monitoring increases the likelihood of detecting negative cues, so it 

usually maintains or increases anxiety in the long term. To a greater extent, threat 

monitoring occurs in various mental disorders, especially anxiety disorders (Shechner & 

Bar-Haim, 2016). Threat monitoring of social feedback is particularly pronounced in social 

anxiety, where individuals exhibit increased sensitivity to negative evaluations and 

potential failure (Clark & Wells, 1995; Heimberg et al., 2014). This leads to heightened 

threat perception, reinforcing avoidance behavior, and increasing inner 

overrepresentation of one's failures. It results in a vicious cycle of negative self-evaluation 

and further avoidance (Clark & Wells, 1995). Understanding the dynamics of self-beliefs 

in social-evaluative contexts that evoke avoidance motivation provides an important 

bridge for the transfer to clinical contexts.  

Self-related motivation and self-conscious emotions 

As satisfaction or frustration of needs tied to motivational states is inherently linked to 

emotions, studying affect is crucial for understanding potential motivations underlying 

biases in self-belief updating (Leary, 2007). A subset of emotions called self-conscious 

emotions relates to our sense of self and perceived judgments by others (Lewis, 2008; 

Müller-Pinzler et al., 2017; Tracy & Robins, 2004). They usually arise in actual or imagined 

social contexts and involve self-reflection, including evaluating one®s action against 

internal or external standards or norms. They are important for social behavior and self-

regulation to promote social acceptability and avoid social exclusion. Especially the 

emotions of guilt, shame, embarrassment, social anxiety, and pride stem from inferences 

about others' actual or imagined evaluations (Leary, 2007). Shame arises when individuals 

perceive that they failed to meet their own or others' expectations. This norm violation is 

seen as an expression of character as a whole and not a consequence of specific 

behavior, which would rather trigger guilt (Dearing & Tangney, 2003). Social anxiety and 

embarrassment relate to others' perceptions and evaluations (Leary, 2007). Social anxiety 

expresses the fear of negative social evaluation, and embarrassment expresses the 

perceived or imagined social failure that the individual associates with a negative social 

evaluation  (Schlenker & Leary, 1982; Tangney et al., 1996). Pride arises from perceived 

responsibility for socially valued outcomes or the belief to be a socially valued person 

(Stolz et al., 2020; Tracy & Robins, 2007a). Emotions also have a behavioral component. 

For example, the experience of pride motivates people to pursue something further 

(Williams & DeSteno, 2008), and embarrassment rather motivates them to discontinue a 

current behavior or appease others (Apsler, 1975; Feinberg et al., 2012). 

Affect and motivation are intertwined. Motivations aim to satisfy basic needs, while 

emotions serve to alert and evoke corresponding reactions (Jenkins & Oatley, 1996). How 

self-related information is selected, interpreted, and integrated into the self-concept is 

driven by self-related motivations to approach an appetitive affective state and avoid an 

aversive affective state (Dunning et al., 2004; Hughes & Zaki, 2015). The self-related 

motivations described can thus be associated with the following affective states (although 
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there is no claim to completeness or exclusivity here). Self-verification can result in the 

positive affect of consistency and predictability. A stable and coherent self-image reduces 

cognitive dissonance and promotes a sense of control and security (Morvan & O®Connor, 

2017; Ryan & Deci, 2000; Sedikides & Strube, 1997; Swann, 1983). Validation from 

others can also lead to positive social affects, such as affection or feeling understood and 

connected (Laurenceau et al., 1998; Swann, 2012). The feeling of having been ̄right° 

can also lead to pride (Tracy & Robins, 2007a). Pride in being a valued person can 

primarily be associated with self-enhancement, for example, when individuals feel 

competent, successful, or superior (Leary, 2007). Additionally, self-enhancement can be 

linked to confidence as a reinforcing feeling that strengthens positive self-beliefs (Möbius 

et al., 2011; Sedikides & Strube, 1997). This strengthening of one®s competence and 

worth can also lead to a feeling of security as it reduces anxiety or self-doubt. A feeling of 

optimism can also occur as self-enhancement tends to boost positive outlooks for 

upcoming challenges (Taylor & Brown, 1988). Pride in specific accomplishments can be 

associated with self-improvement motivation (Tracy & Robins, 2007b). Also, self-

improvement can evoke a sense of progress or growth (Sedikides & Strube, 1997). By 

expanding one's competence, a feeling of self-efficacy and autonomy can also be 

experienced (Bandura, 1977). 

The expectation of negative social evaluation is associated with social anxiety driving self-

related avoidance motivation. This can involve, for example, avoiding a social situation 

from the outset or trying to regulate anxiety with safety behavior or threat monitoring (Clark 

& Wells, 1995). Embarrassment makes people avoid situations where they could expose 

themselves to ridicule or a feeling of failure (Lewis, 2008; Miller, 1996; Müller-Pinzler et 

al., 2015). When one tends to feel inadequate, flawed, or unworthy, shame can lead to 

avoidance of situations that may expose these perceived flaws. Also, guilt can drive 

avoidance when a person feels responsible for wrongdoing and wishes to avoid facing the 

consequences or reminders of their actions (Dearing & Tangney, 2003). Other emotions 

associated with negative social evaluation, punishment, exclusion, and, thus, avoidance 

motivation include frustration, helplessness, humiliation, self-doubt, or anger (Smart 

Richman & Leary, 2009). Which emotion is experienced depends on the context and the 

individual learning history and personality (Elliot & Thrash, 2004; Faustino et al., 2020). 

Generally, affective states that are experienced as aversive are accompanied by the 

motivation to avoid them.  

The emotions we focus on in the studies presented here are pride and embarrassment as 

possible markers of an approach to a positive self-image or avoidance of a negative self-

image in front of others during task execution. In the clinical study, we examine happiness 

as an accompanying emotion that is less complex, requires less self-awareness, and 

reflects the affective state on a more general level (Ekman, 1992; Fredrickson, 2001). In 

the last study, we assess an affective reaction to social-evaluative stress, including a 

perceived stress rating in general, as well as embarrassment, anger, and frustration. 
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Links to self-belief updating 

As mentioned above, the predictive processing of incoming information is biased (Mokady 

& Reggev, 2022). As we approach positive affective states and avoid negative ones, these 

motivations can bias how we update beliefs in a specific context (Sharot et al., 2023). In 

turn, observed biases in belief updating may allow conclusions about underlying 

motivations as they indicate which information was given particular weight. Information 

about the affective experience during belief updating might further support these 

indications of the underlying motivation. 

Linking observed biases in self-belief updating to self-related motivations (see Table 1.1), 

self-enhancement should result in a positivity or optimism bias (Mokady & Reggev, 2022). 

As self-enhancement strives to hold positive self-serving beliefs associated with a positive 

affect, it goes along with a greater emphasis on positive feedback (Leary, 2007). In the 

case of positive prior beliefs, self-verification motivation may also be relevant for positively 

biased belief updating (Mokady & Reggev, 2022). If, for example, I think I am a healthy 

person and learn that the risk of a certain disease is lower than I thought (positive 

prediction error), I adjust my expectations particularly strongly, as it confirms the positive 

global self-belief of being healthy. The confirmation bias in belief updating is especially 

attributed to the motivation for self-verification as it is linked to the maintenance and 

reinforcement of existing beliefs (Nickerson, 1998). Self-verification is also discussed in 

connection with seeking negative self-confirming information in individuals with 

depression, as confirmation supposedly is rewarding (Mokady & Reggev, 2022). This 

would result in a negativity bias in self-belief updating. Since the affective experience after 

negative feedback is usually particularly negative in individuals with depression 

(Jankowski et al., 2018), the approach motivation is debatable. 

To motivate self-improvement, negative feedback is relevant, as it is informative when 

improvement is needed (Strube, 2012). Whether the relevance of negative feedback also 

contributes to a stronger incorporation into the self-concept, which would result in a 

negatively biased updating, remains to be seen. In the case of actual improvement over 

time, this should be expressed in increasingly positive beliefs about one's abilities, which 

is, however, not a bias in this case but actually changed abilities. 

Avoidance motivation in social situations is associated with negatively biased attention, 

interpretation, and recollection of social information (Strachman & Gable, 2006). For 

example, when one holds a self-belief of being inadequate and unimportant and fears 

rejection, one focuses particularly on social cues that indicate rejection (e.g., a 

disparaging look) or tends to interpret a neutral look as disparaging. As this kind of threat 

monitoring increases the likelihood of catching a negative cue, the people who fear 

rejection the most are also the ones who feel the most rejected and lonely (Strachman & 

Gable, 2006). Drawing attention primarily to negative social cues suggests that these 

should be processed preferentially and that self-beliefs tend to be biased in a negative 

direction (or that existing negative self-beliefs are reinforced). Self-belief updating in 

contexts that mainly elicit avoidance motivation has barely been studied. Studies reporting 

a negativity bias (Brotzeller & Gollwitzer, 2024; Ertac, 2011; Zamfir & Dayan, 2022) used 
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performance contexts to study belief updating about one®s ability. Active task execution 

means there is a possibility to fail, which can lead to social anxiety (Leary, 2007), 

avoidance motivation (Atkinson, 1957), and threat monitoring (Shechner & Bar-Haim, 

2016). This could result in a heightened focus on negative evaluations and negatively 

biased self-belief updating. Coming from embarrassment research, the previous study 

from which the current belief updating task was developed showed that participants had 

increased dwell time of gaze on social-evaluative threat cues when receiving negative 

feedback, especially with increased embarrassment (Müller-Pinzler et al., 2015). This 

indicates that the task used here is associated with fear of negative evaluation and threat 

monitoring. Thus, an underlying motivation to avoid negative social evaluation can be 

assumed. 

To better understand observed biases in self-belief updating, settings in which it is 

examined will be reviewed more closely first and will be linked to possible underlying 

motivations that are elicited by these different contexts. 

 

Table 1.1. Overview of self-related motivation and affect associated with self-belief 

updating 

Approach Motivation  
Feedback 

orientation 
Affect Bias 

Self-verification 
confirm pre-

existing self-beliefs  

Positive (and 

negative?) 

Consistency, 

predictability, 

and security 

Confirmation 

bias 

     

Self-enhancement 
achieve positive 

self-evaluations 
Positive 

Pride in being a 

valued person  

Positivity bias/ 

Optimism bias 
     

Self-improvement develop new skills 

Positive and 

negative 

(behavior-

oriented) 

Pride in own 

accomplishments 
? 

 

Avoidance motivation     

Avoid negative evaluation Negative 

Social anxiety, 

embarrassment, 

shame 

Negativity bias 

Note. This is a simplified overview. It does not claim to be exhaustive. Motivations can occur in 

combination and interact. 

 

1.3.2 Context matters: Self-belief updating under different conditions 

Different learning contexts can make certain self-related motivations especially salient, 

which increases the likelihood of specific emotions being present. This can impact belief-

updating behavior in different ways (Wittmann et al., 2016) so that biases in both 

directions have already been observed. To structure possible influencing factors of the 

learning context, the belief updating task itself and the task embedding are distinguished. 
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According to the predictive processing framework, the prior belief and the feedback 

influence how much a belief is updated (Mokady & Reggev, 2022). If this is translated to 

learning tasks, the type of self-belief addressed and the type of feedback can be 

considered possible factors within the task. The type of belief addressed can be of rather 

positive or negative valence on average in a sample. For example, prior self-beliefs about 

the performance in an empathy test might be relatively positive in a sample of psychology 

students (this means the type of sample plays a role here, too). More positive prior beliefs 

(e.g., about one's personality or future) may elicit a stronger motivation to maintain the 

belief associated with positive affect. This results in positively biased belief-updating (Korn 

et al., 2012; Sharot et al., 2011). 

Furthermore, the type of belief addressed has a certain precision (relatively high or low), 

making the belief more or less resistant to change in case of conflicting feedback within 

the task (Lord et al., 1979; Richard & Petty, 2014). The precision of the belief tends to be 

related to the position of belief within the belief hierarchy from specific to global (Nave et 

al., 2020). More global beliefs were formed over extended time, so the precision tends to 

be higher. For example, the global belief ¯I am a likable person° is usually positively 

pronounced in a healthy sample and has high precision (Clark, 2013; Hohwy, 2013). 

Beliefs like ¯I am good at this task° (newly designed for a study) are specific, and precision 

is relatively low as the participants have no or only weakly related previous experience to 

refer back to. If the beliefs addressed have a high precision on average in a sample, such 

as beliefs about one®s IQ in a student sample, belief updating is conservative (Möbius et 

al., 2011). Also, a bias towards self-enhancement is more pronounced when broad 

compared to specific traits are addressed (Hughes & Zaki, 2015).  

In addition to the self-belief addressed, the type of feedback presented to induce a self-

belief update is relevant. Central to the belief update's direction is the prediction error 

valence (which is usually an independent variable controlled for a balanced prediction 

error presentation). Apart from the valence, the precision of the feedback can be varied 

with very precise self-related feedback (e.g., ¯You are better than 61 % of the reference 

group°; Müller-Pinzler et al., 2015) or vague feedback (e.g., ̄ With a probability of 75%, 

you are among the top half of performers°; Möbius et al., 2011). Vague feedback offers 

more scope for individual interpretation and distortion (Jug et al., 2019; Kluger & DeNisi, 

1996), which can result in more biased belief updating. Educational psychology 

differentiates different types of feedback in performance contexts with varying impacts on 

self-related motivations (Hattie & Timperley, 2007): for example, self-related (¯You are 

¤°) or behavior-related feedback (¯Your answer is ¤°), social-comparative feedback 

(e.g., ¯You are better than 60 % of the group°), feedback in comparison to a criterion 

(norm-referenced feedback, e.g., ̄ Your IQ is in the average range°) or self-referenced 

feedback (e.g., ¯You did better than last week.°). It has been shown that if social 

comparison is highlighted, students focus more on their performance compared to others, 

which also increases the emotional response to success and failure. Conversely, when 

absolute standards are emphasized, the focus shifts to self-improvement, leading 

students to pay more attention to their effort and task strategies (Ames & Archer, 1988). 



General Introduction 

18 

 

This means that social comparison feedback can activate an approach motivation to be 

better than others, but it can also create the feeling of failure and thus an avoidance 

motivation. Thus, different biases can be assumed. 

A further distinction concerning the task is the task engagement; that is, whether the 

participants are active or passive during task execution. In the passive case, they receive 

feedback regarding a self-related domain they cannot actively influence during the task 

(Sharot et al., 2011). For example, feedback on the probability of getting cancer cannot 

be altered by effort within the task. In the active case, participants perform a task and 

receive performance feedback. This means they influence the feedback during the task 

(or at least believe this in the case of pre-programmed feedback; Brotzeller & Gollwitzer, 

2024; Zamfir & Dayan, 2022). Whenever there is an opportunity for individual action, there 

also exists the potential for failure. Thus, performance contexts can elicit self-related 

motivations like self-improvement or avoiding failures (Ames & Archer, 1988) along with 

self-conscious emotions like pride or embarrassment (Lewis, 2008). The fear of failure 

may be amplified by the task difficulty, with high difficulty evoking a sense of being 

overwhelmed and unsuccessful. Fear of failure is linked to avoidance motivation with a 

focus on negative feedback (Atkinson, 1957), and a negatively biased belief updating can 

be assumed.  

The contextual embedding of a learning task can further elicit certain self-related 

motivations and, thus, influence how self-belief updating is biased (Wittmann et al., 2016). 

A potential factor is whether the task is socially embedded, such as having other 

participants present or making social comparison salient (Müller-Pinzler et al., 2015; 

Tesser et al., 1988). The mere social presence with potential observation is accompanied 

by physiological reactions like enhanced skin conductance (Cacioppo et al., 1990). 

Experimental manipulation of participant®s concerns with others® impressions of them or 

social comparison can elicit the fear of negative social evaluation linked to social anxiety, 

threat monitoring, and avoidance motivation (DePaulo et al., 1990; Steinmetz et al., 2016; 

Tesser et al., 1988). Additionally, the presence of an obvious social threat during a task 

performance, like an audience observing the performance, can further amplify emotional 

reactions like social anxiety, embarrassment, or shame and the focus on personal errors 

(Dickerson et al., 2008; Gruenewald et al., 2004). This is accompanied by a physiological 

stress response with increased cortisol and heart rate (Kirschbaum et al., 1993b). Also, 

other types of threats increase anxiety and bias self-belief updating (Garrett et al., 2018a). 

Whereby the time point of the social threat induction, before or during task execution, is 

relevant. After experiencing failure, individuals tend to self-enhance (Kurman, 2006; 

Steele, 1988; Tesser & Cornell, 1991). Therefore, a social threat and the perception of 

failure before the task increases self-enhancement (Hughes & Beer, 2013), which may 

shift attention towards more positive feedback and influence belief-updating in a self-

serving direction. This will be the focus of Study 4. The impact of another observer during 

task performance on self-belief updating will be addressed in Study 1. 
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Table 1.2. Overview of possible influences of task and setting characteristics on self-

belief updates 

Within the task 

Type of self-beliefs addressed 
 
Valence  Positive Negative 

 
Precision  High Low 

 
Position within hierarchy  Global Specific 

Type of feedback 
 
Valence Positive PE Negative PE 

 
Precision High Low 

 
Social Social-comparative Non-comparative 

    

Task engagement Active performance Passive feedback 
 
Task difficulty High   Low 

 

In summary, the salience of social rewards (e.g., confirmation of positive self-belief) or 

social threats (e.g., negative evaluation) and the elicited self-related motivation can be 

seen as a combination of 1.) the self-belief addressed in the task, 2.) the type of feedback, 

and 3.) the task's embedding (for an overview see Table 1.2). Various motivations and 

emotions can interact, especially in more complex experimental settings. Depending on 

the motivations and emotions evoked, self-belief updating can be biased in different ways.  

Contextual embedding of the task/ experimental manipulation 

Social  Non-social 
 

Presence of others (number? characteristics? role within 

experiment?) 
Social comparison (salience? direction?) 

 

Threat induction 
 
Yes No 

     Type of threat 
 

 

Social Non-social 
 

 

¤ ¤ 
 

     Time point 
 

 

Before task During task 
 

Note.  This overview does not claim to be exhaustive. It is only intended to provide an initial structure 

for classifying various biases in self-belief updating.  Listing binary characteristics is intended to provide 

a simple overview and not indicate that the factor is dichotomous. PE = Prediction error. 
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1.4 Self-beliefs in depression and social anxiety 

1.4.1 Introduction to self-beliefs in depression and social anxiety 

We all hold positive as well as negative self-beliefs. This means negative self-beliefs are 

not a sign of psychopathology per se. However, in psychopathological states, they tend 

to manifest on a more global level, making them more prominent, occupying more mental 

space, and exerting a stronger influence on perception, emotions, and behavior (Barnard 

& Teasdale, 2014; Beck, 1979). In the following, the two disorders, depression, and social 

phobia, will be discussed in more detail. Depression and social phobia often occur 

comorbidly (Adams et al., 2016; Kessler et al., 1999). 

In both of these disorders, negative self-beliefs are a key factor in the cluster of symptoms. 

Depression is one of the most common mental illnesses (Kopala-Sibley & Klein, 2017) and 

is characterized by affective symptoms like persistent sad, anxious, or "empty" mood, 

hopelessness, irritability, and feelings of guilt, worthlessness, or helplessness. Physical 

symptoms are decreased energy, changes in appetite, and sleep disturbances (Kopala-

Sibley & Klein, 2017). In addition to concentration and decision-making difficulties, and 

suicidal thoughts on the cognitive level, negative beliefs about oneself and others are 

central symptoms of depression (Beck et al., 2024). Negative self-beliefs often revolve 

around negative self-description, for example, ¯I am unimportant,° and low self-efficacy, 

for example, ¯I cannot do it° (Beck, 1967). The expectation to fail combined with low 

energy often leads to withdrawal behavior and, therefore, the loss of positive 

reinforcement (Lewinsohn, 1974). Negative self-beliefs of being helplessly exposed to the 

environment and having no control, which are generalized to new situations, are important 

cognitive factors in depressive symptoms (Maier & Seligman, 1976). Metacognitive beliefs 

regarding the lack of control over one's thoughts are a central element in the 

metacognitive theory of depression, leading to persistent rumination and, thus, 

maintenance of symptoms (Wells, 2011). One of the most influential theories in behavioral 

therapy is Beck's cognitive model of depression (Beck, 1979; Beck et al., 2024). This 

framework addresses how negative beliefs and patterns of thinking perpetuate depressive 

symptoms. It includes the cognitive triad, which distinguishes negative beliefs into 

negative self-beliefs (e.g., "I am ugly"), negative beliefs about the world (e.g., "The world 

is unfair"), and negative beliefs about the future (e.g., "My symptoms will remain forever"). 

These beliefs are accompanied by a negatively biased thinking style. Here, various 

cognitive distortions were identified, such as overgeneralization (drawing broad negative 

conclusions based on limited evidence) or catastrophizing (expecting the worst possible 

outcome). It has also been shown that individuals prone to depression show a tendency 

to focus on, encode, and recall negative information while neglecting positive or neutral 

information (Dozois & Beck, 2008; Kube, 2023). As beliefs have a learning history, 

depressive self-beliefs formed in childhood (Dozois & Beck, 2008) are often subject to 

negative experiences, mostly emotional abuse and neglect, sometimes also sexual or 

physical abuse (Mandelli et al., 2015). For example, neglect may lead to the self-belief of 

being unimportant. These deeply ingrained negative self-beliefs may be triggered by 

challenging life events later on. The concept of emotional schema also includes the 
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affective component of self-beliefs (Greenberg, 2010). Negative affect is considered 

central to the learning history, and emotional schemas are formed by connecting highly 

arousing, traumatic events to the resulting emotional reactions (e.g., shame during 

humiliation; Greenberg, 2010). When triggered by learned signs associated with the 

events, it results in the corresponding cognitions (e.g., ¯I®m worthless°) and automatic, 

rapid, and exceptionally intensive emotional responses (Greenberg, 2010). Therefore, 

emotional and cognitive reactions in a particular situation may appear excessive to 

outsiders (e.g., excessive self-deprecation and shame after a minor criticism) but are 

traceable due to the learning history. 

Negative self-beliefs also play a central role in social phobia. They are especially prominent 

in the (imagined) presence of a social public and, thus, the possible devaluation by others. 

Individuals with social anxiety usually hold negative self-beliefs, like being socially inept or 

unlikeable (Leary & Atherton, 1986). These beliefs make them hyper-aware of how others 

perceive them (Clark & Wells, 1995; Hirsch et al., 2003). The central affect is the fear of 

being negatively judged by others. This goes along with the anticipation of rejection, 

criticism, or embarrassment, which heightens anxiety in social situations even more (Clark 

& Wells, 1995; Heimberg et al., 2014). Threat monitoring in social anxiety includes 

heightened self-focused attention with monitoring one®s performance and one®s anxiety 

symptoms like blushing, as well as monitoring other®s evaluation of it (Clark & Wells, 1995). 

Negative prior self-beliefs and threat monitoring result in a mental representation of 

oneself from an imagined audience perspective (e.g., blushing, sweating, and clumsy; 

Heimberg et al., 2014). To counter this representation, people pursue safety behaviors 

such as avoiding eye contact (e.g., to hide blushing and avoid the expected negative 

evaluation in the other person's gaze) or avoiding the social situation altogether. It reduces 

anxiety in the short term; however, it prevents a corrective experience, which perpetuates 

negative self-beliefs and anxiety in the long term (Wells et al., 1995). Additionally, negative 

self-beliefs are repeatedly reinforced by post-event rumination, that is, the negatively 

biased replay of social encounters focusing on one®s mistakes (Clark & Wells, 1995). 

When examining self-beliefs in social anxiety and depression, certain task characteristics 

may be more or less likely to trigger negative self-beliefs and the associated affective 

states. An active performance context could activate self-beliefs of failure and 

inadequacy. The way a task is socially embedded is especially relevant when studying 

self-belief in social anxiety. All of this can impact the perceived social threat, feedback 

processing, and, therefore, the updating of self-beliefs. 

1.4.2 Belief updating in depression and social anxiety 

Since negative self-beliefs in depression and social anxiety are strongly linked to painful 

negative emotions and a high overall symptom burden, the question arises about the 

learning process involved in forming and updating these self-beliefs. More precisely, when 

beliefs tend to be adapted in response to the environment and when active inference is 

used to maintain existing beliefs. As mentioned above, a central element of the cognitive 

model of depression is cognitive distortions. This results in biased information processing 

that sustains negative self-beliefs (Beck, 1963, 1964, 1979). The theory has been 
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supported by research showing a more negatively biased updating of beliefs about one®s 

future (Garrett et al., 2014; Korn et al., 2014) or social popularity (Will et al., 2020) in 

individuals with depression or related symptoms like low self-esteem. In recent years, 

information processing in mental disorders has been understood as a maladaptive 

response to prediction errors (Clark et al., 2018; Stephan et al., 2016). In cases of 

depression, findings have shown diminished updating of self-beliefs in response to positive 

prediction errors, such as receiving unexpectedly positive feedback in a performance 

setting or in imagined social interactions (Everaert et al., 2018; Kube et al., 2019). This 

reduced updating of negative self-beliefs can be subject to maladaptive cognitive 

mechanisms that devalue disconfirming positive feedback. In line with the concept of 

active inference, this means re-evaluating the information from the environment to make 

it fit the prior self-beliefs. Aaron T. Beck described discounting the positive as one of 

various cognitive distortions that play an important role in cognitive behavioral therapy 

(Dobson & Dozois, 2021). More recently, this cognitive defense against positive 

information is described as making oneself cognitively immune to positive information (i.e., 

cognitive immunization; Kube et al., 2019). It is seen as the central cognitive mechanism 

for maintaining negative self-beliefs as it makes them so difficult to change. Strategies of 

cognitive immunization can be, for example, discounting positive feedback by viewing it 

as an exception (e.g., ¯Only this one therapist is nice to me; everyone else wants to harm 

me°) or doubting its credibility (e.g., ¯My therapist is only nice to me because it is her job°; 

Kube et al., 2019; Rief et al., 2015). As beliefs and affect are linked (Bromberg-Martin & 

Sharot, 2020; Eldar & Niv, 2015), this recursive influence should be considered part of 

the belief updating process. Depression is characterized by predominately low mood, 

which has been linked to less flexibility in adjusting self-beliefs in a positive direction 

(Karnick et al., 2024; Kube & Korn, 2024). When in a low mood, the corresponding 

negative learning history is especially present, making positive information seem 

implausible and negative self-beliefs appear to be the best prediction. Accordingly, 

withdrawal behavior follows to avoid further disappointment or harm. Addressing 

emotional meanings and in-session emotional experiences can enhance the effectiveness 

of psychological interventions to change maladaptive beliefs (Samoilov & Goldfried, 

2000). This highlights how affect and cognitive strategies interact when updating 

maladaptive self-beliefs. Therefore, the affect in association with self-belief updating is 

given a central role in the work presented here. 

In individuals with social anxiety, negative self-beliefs also go along with biased information 

processing, with the addition that the presence of an (imagined) audience impacts this. In 

social situations, individuals with social anxiety have more negative expectations and 

interpret ambiguous social feedback as rather negative, with a tendency to catastrophize 

(Chen et al., 2020; Smith & Sarason, 1974). Once feedback is given by a computer, 

arousal and anxiety are less pronounced (Peterburs et al., 2016). For feedback from other 

people, however, individuals with social anxiety have difficulties in judging fear-inducing 

information as false and reassuring, disconfirming information as true (Vroling & de Jong, 

2009). The negatively biased information processing is also expressed by more accurate 
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memory of negative information about oneself in individuals with high social anxiety 

(O®Banion & Arkowitz, 1977). When retrospectively rating their performance in a public 

speech, highly socially anxious individuals rate themselves more negatively, even when 

controlling for observable differences in performance and anxiety (Ashbaugh et al., 2005). 

This means they overestimate how much potential presentation performance deficits are 

apparent to others. Similar to individuals with depression, negatively-biased information 

processing prevents maladaptive self-beliefs from being updated, which maintains anxiety 

(Vroling & de Jong, 2009). Thus, social anxiety is associated with reduced revision of 

negative beliefs following disconfirming positive information (Everaert et al., 2018). This 

inflexibility in belief revision is related to dampening positive emotions (Everaert et al., 

2020). A positivity bias in non-anxious individuals when learning from social feedback 

about being liked or disliked is absent in individuals with social anxiety (Button et al., 

2015). This reduced learning from positive feedback remains stable, as shown in a one-

year follow-up (Koban et al., 2017). When computationally modeling the affective reactivity 

to performance feedback, individuals with social anxiety show a stronger integration of 

negative feedback into their feelings about the self (Hopkins et al., 2021; Koban et al., 

2017). In summary, negative feedback in social situations has a particularly strong 

influence on people with social anxiety, and negative self-beliefs are difficult to correct 

through positive feedback, similar to individuals with depression. 

1.5 Studying neurocomputational mechanisms of changing self-beliefs 

1.5.1 Computational models of self-related states 

To describe the dynamics of self-related states (e.g., self-beliefs, affective states, or state 

self-esteem) as a function of incoming information, methods that can capture moment-to-

moment change are needed. Computational models mimic how the mind processes 

information, which allows for testing hypotheses about learning, decision-making, and 

other mental functions. Models are built on theoretical assumptions about how cognitive 

or affective processes work and express these assumptions as mathematical equations 

that describe how inputs (e.g., performance feedback) are transformed into outputs (e.g., 

decisions or actions; Lewandowsky & Farrell, 2011). These equations, in turn, involve 

parameters that govern how information is processed, and a model is defined by its 

precise constellation of parameters and equations. Computational models allow the 

mechanistic interrogation of trial-by-trial variations, which is inaccessible with classical 

methods based on summary statistics and requires explicitly defining the parameters that 

drive behavior (Zhang et al., 2020). Varying model parameters and testing which model 

best describes empirical data (winning model) can provide insight into the mental 

processes that underpin observed behavior. 

One specific field of application is reinforcement learning (Sutton & Barto, 2018), where 

models capture fluctuations of latent decision variables in learning and decision-making 

tasks. Here, the expectation is an implicit value given to a certain choice option that is 

iteratively updated as a function of prediction errors. This model is used to describe choice 

behavior between usually two options with varying reward schedules of monetary reward 

(Zhang et al., 2020). An influential computational model was developed by Rescorla and 
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Wagner (1972), who built on early behaviorist studies of classical conditioning (Pavlov & 

Anrep, 1927; Watson & Rayner, 1920) to explain how learning happens through 

prediction errors. This learning process can be represented mathematically, where future 

expectations (EXP[t+1]) are determined by current expectations (EXP[t]) adjusted by the 

prediction error (PE[t]). This adjustment is modulated by a learning rate (₫). Essentially, 

the prediction error only reflects the magnitude of the difference between the expected 

(EXP[t]) and the actual outcome or feedback (FB[t]). The learning rate influences how 

much this error affects learning, as described by the equation: EXP[t+1] = EXP[t] + ₫  z

PE, where PE = FB[t]  ² EXP[t]  (Lockwood & Klein-Flügge, 2020; Rescorla & Wagner, 

1972). The higher the learning rate, the stronger the weighting of the prediction error for 

the expectation update. 

Computational models such as these can also be applied to the context of self-related 

learning. For example, one can model the expectation to be liked by another person or 

the state self-esteem over time as a function of trail-by-trial social feedback (Hopkins et 

al., 2021; Will et al., 2017). Linking learning parameters with clinical variables allows 

conclusions about alterations in the self-related learning process with increasing 

symptoms. For example, learning parameters for negative social-evaluative prediction 

errors are higher when fear of negative evaluation is high (Hopkins et al., 2021). This 

suggests a stronger incorporation of negative social evaluation into the learning process. 

Models can describe binary choices (e.g., ¯I think you are¤°: ¯dull° vs. ¯witty;° Hopkins 

et al., 2021) or fluctuations of dimensional variables like ability-beliefs (Zamfir & Dayan, 

2022), state self-esteem (Will et al., 2017), or affective states (Charpentier et al., 2016; 

Rutledge et al., 2014). 

When using the Rescorla-Wagner model described above to model self-beliefs as a 

function of positive and negative social evaluation, model comparison results show that a 

model with separate learning rates for positive and negative prediction errors can describe 

the fluctuations better than a model with only one learning rate (Elder et al., 2022; Koban 

et al., 2017). This suggests that positive and negative prediction errors in social evaluation 

impact self-beliefs differently. Similarly, a model that includes a bias parameter that 

captures global beliefs about being liked or disliked biasing the updating process 

outperforms other models that do not account for biases (Will et al., 2017). When 

comparing the learning rates between individuals with and without social anxiety in a 

second step, results show that individuals with social anxiety have higher learning rates 

for negative prediction errors; this means an overall stronger negativity bias in affective 

belief updating (Koban et al., 2017). Overall, the learning rate increases with increased 

depressive-anxiety symptoms, which indicates increased fluctuations of feelings about 

oneself in response to prediction errors of social evaluation (Will et al., 2017). Aside from 

adding bias terms or multiple learning rates, the basic Rescorla-Wagner model can be 

extended by various components to map the complexity of affect or belief updating in 

social contexts. For example, parameters that map the level of detail or prior knowledge 

of social groups when updating beliefs about others (Frolichs et al., 2022). This expands 

the space of different computational mechanisms that can be tested against each other 

to better understand the underlying process.  
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In a classic reinforcement learning paradigm, participants typically have no prior beliefs 

about the reward contingencies of choice options and gradually form an implicit value over 

time. However, in self-related learning, participants enter the experiment with a learning 

history and prior beliefs about themselves. Thus, computational models are usually used 

to describe fluctuations of self-related states rather than the formation of novel beliefs. In 

the present work, the influence of prior self-beliefs is to be reduced to investigate the 

formation of relatively novel self-beliefs. Here, in addition to self-belief fluctuations known 

from previous paradigms, an average shift in one direction over time can also be expected 

(e.g., from a neutral belief about one®s ability to ¯I am good at this task°). To capture this, 

different variations of the Rescorla-Wagner model will be considered in the model space, 

including models that estimate the weight of positive and negative prediction errors 

separately, as models with learning bias won in previous studies (Koban et al., 2017). 

1.5.2 Neural underpinnings of self-belief updating 

Predictions, prediction errors, and tracking stimuli®s value are the basis of social and non-

social learning and belief updating. Neuroscience and computational modeling laid the 

groundwork for this understanding of predictive processing by formalizing how the brain 

uses prediction errors as a signal to update its internal models (Dayan et al., 1995; 

Mumford, 1992; Rao & Ballard, 1999; Rumelhart et al., 1986) and providing first correlates 

of prediction error processing (Näätänen et al., 1993; Schultz et al., 1997). Today, we 

know that various brain regions are involved in tracking prediction errors and the value of 

stimuli. 

Reward prediction and prediction errors as the basis of value learning are typically 

processed in dopaminergic neurons in the ventral striatum, ventral tegmental area, and 

substantia nigra (Diederen et al., 2016; Ruff & Fehr, 2014; Schultz et al., 1997). 

Unexpected reward results in increased activity of dopamine neurons from baseline 

(positive prediction error), unexpected omission of reward results in a decrease in activity 

(negative prediction error; Ruff & Fehr, 2014; Schultz et al., 1997; Zald et al., 2004). 

Additionally, functional MRI research has pointed to the ventromedial prefrontal cortex 

(comprising the medial orbitofrontal cortex and parts of the medial prefrontal cortex) as 

being involved in computations of a value signal that integrates expected rewards and 

costs at the time of the decision (Hare et al., 2008; Kable & Glimcher, 2009; Ruff & Fehr, 

2014). 

Although early findings on prediction error processing and value computation were based 

on non-social/ non-self-related stimuli, recent functional MRI research suggests that the 

neural representations of value-related computational processes in both social and non-

social contexts share similar basic principles (Ruff & Fehr, 2014). For example, when 

receiving self-related social feedback, the rewarding component is tracked in the ventral 

striatum and anterior cingulate cortex (Koban et al., 2023; Korn et al., 2012; Müller-Pinzler 

et al., 2015; Will et al., 2017). Self-belief updates covary with activity in the ventromedial 

prefrontal cortex (Kuzmanovic et al., 2016; Will et al., 2017). 

As self-belief updating is associated with specific self-related motivations and emotional 

investment (see section 1.3.1), there are also neural correlates that may reflect these 
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more self-specific components of belief updating. A recent model (Dixon & Gross, 2021) 

proposes that self-related processing in the brain is organized across several key 

networks: The default mode network is responsible for representing self-related content, 

while a valuation network, which includes the insula, midcingulate cortex, and limbic 

regions, assesses the emotional value (positive or negative) of these beliefs. Last, the 

frontoparietal network regulates these self-beliefs and emotional responses in a flexible 

and context-sensitive manner (Dixon & Gross, 2021). In regard to self-specific 

representation in value learning, activity in subregions of the anterior cingulate cortex 

(ACC) depends on whether information about oneself or another agent is processed 

(Lockwood et al., 2016; Lockwood & Wittmann, 2018). 

When updating self-beliefs in the context of approaching positive self-beliefs, a positively 

biased updating of beliefs about one®s future is related to reduced tracking of negative 

prediction errors in the inferior frontal gyrus (Sharot et al., 2011). As this positivity bias is 

self-specific, activity in the ventromedial prefrontal cortex is linked to increased positive 

and decreased negative belief updates, specifically for self-beliefs, and is absent when 

updating about another person (Kuzmanovic et al., 2016). In addition, the higher the 

activity in regions including the dorsomedial prefrontal cortex and ventral striatum when 

confronted with negative prediction errors, the less this undesirable information is 

integrated, contributing to an overall positivity bias in self-belief updating. When updating 

beliefs about one's personality in contrast to another®s personality, the rewarding 

component of positive social feedback from peers is related to activity in the ventral 

striatum and ACC, specifically for self-related feedback (Korn et al., 2012). In this context, 

the valence-independent discrepancy between expectation and actual feedback from 

peers is correlated with activity in regions known from the mentalizing network (Frith & 

Frith, 2003; Mar, 2011), including the medial frontal cortex, inferior frontal gyrus extending 

into anterior insula, and temporo-parietal junction for both self and other (Korn et al., 

2012). The medial prefrontal cortex integrates the tracking of rewards and the valence-

independent discrepancy from peers and predicts positively biased self-belief updating 

(Korn et al., 2012). The ventromedial prefrontal cortex has been discussed as a hub that 

integrates affective responses with contextual information to guide decision behavior (Roy 

et al., 2012). 

When reporting one®s current affective state during learning, state happiness correlates 

with activity in the anterior insula (Rutledge et al., 2014), which is also associated with 

interoceptive and emotional awareness (Craig, 2009b; Critchley et al., 2004; Singer et al., 

2009). The anterior insula, together with the dorsal mediofrontal cortex and amygdala, is 

also involved in action monitoring, error processing, and emotional processing (Koban & 

Pourtois, 2014; Murray, 2007), making it essential for self-belief updating. Especially the 

anterior insula is discussed to be relevant for the integration of affective states, motivated 

cognition with outcome information, and social context information (Chang et al., 2013; 

Koban & Pourtois, 2014; Wager & Barrett, 2017) and thereby essential for more complex 

situation-specific and conscious emotional states like embarrassment (Koban & Pourtois, 

2014). This may be particularly relevant in self-related learning contexts, which will likely 
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trigger fear of failure and embarrassment. Therefore, the neural processing of aversive 

feedback and negative prediction errors as a basis for self-belief updating, especially in 

avoidance contexts, will be looked at next. 

Generally, various regions, including the insula, amygdala, medial prefrontal cortex, and 

midbrain, involved in reward processing were also found in response to aversive stimuli 

(Leknes & Tracey, 2008; Murray, 2007). Threat cues elicit activation in regions like the 

amygdala, insula, striatum, and thalamus (Schlund et al., 2010), with the amygdala and 

posterior insula tracking the magnitude of a potential negative outcome (Canessa et al., 

2013). When learning social threats, the learned association between another person and 

their negative evaluation of oneself is associated with amygdala activity (Davis et al., 2010; 

Pejic et al., 2013), similar to classical fear condition paradigms (Phelps, 2006). The 

anterior insula is also associated with error awareness (Ullsperger et al., 2010). Receiving 

self-related performance feedback in public is associated with stronger recruitment of the 

mentalizing network, suggesting increased thinking about others' evaluation (Müller-

Pinzler et al., 2015). Negative performance feedback, in particular, is associated with an 

increased coupling of the mentalizing network with the amygdala and anterior insula, as 

well as increased embarrassment (Müller-Pinzler et al., 2015). Greater activity in the 

insula, as well as the anterior cingulate cortex, is also associated with greater feelings of 

social distress in response to social exclusion (Eisenberger et al., 2003; Masten et al., 

2009).  

When a self-evaluation follows a social-evaluative threat, participants tend to more self-

serving evaluations as self-protection, which is related to increased activity in the medial 

orbitofrontal cortex (Hughes & Beer, 2013). Also, the anterior cingulate cortex is 

associated with improved access to positive self-evaluation and impaired access to 

negative self-evaluation following a social-evaluative threat (Hoefler et al., 2015). Positron 

emission tomography shows coping by increased activation of the endogenous opioid 

system in the ventral striatum, amygdala, and periaqueductal gray following social 

rejection feedback (not being liked by others), which was associated with a reduction in 

negative affect (Hsu et al., 2013). 

Neural underpinnings of belief updating in depression and social anxiety 

Numerous studies have examined the brain's response to reward prediction errors and 

learning of reward values in depression, usually with monetary reward stimuli. Consistent 

with the persistence of negative beliefs despite positive evidence, many of these studies 

have shown diminished reward learning in depression on the behavioral level (Admon & 

Pizzagalli, 2015; Kumar et al., 2018; Robinson et al., 2012; Safra et al., 2019). However, 

some research found no differences in reward learning between individuals with and 

without depression (Brolsma et al., 2022; Gradin et al., 2011; Rothkirch et al., 2017; 

Rouhani & Niv, 2019). At the neural level, some studies have reported reduced reward-

related prediction error signaling in the ventral striatum (Gradin et al., 2011; Kumar et al., 

2008, 2018; Robinson et al., 2012) as well as the ventral tegmental area (Kumar et al., 

2018), anterior cingulate cortex, and hippocampus (Chen et al., 2015; Gradin et al., 2011; 

Kumar et al., 2008). Nevertheless, other studies find no changes in reward prediction error 
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signaling in depression (Rothkirch et al., 2017; Rutledge et al., 2017). Similarly, for 

negative or loss-related prediction error processing, some studies show increased activity 

in the ventral striatum in depression (Ubl et al., 2014), while other studies showed 

unaltered signaling for negative prediction errors (Kumar et al., 2018; Rothkirch et al., 

2017). Thus, there is mixed evidence for altered non-self-specific reward signaling in 

depression. 

With regard to self-beliefs in particular, depression has been linked to heightened tracking 

of negative prediction errors in the right inferior parietal lobule and inferior frontal gyrus 

when updating beliefs about one®s future (Garrett et al., 2014). In the case of self-

threatening feedback, individuals with depression show a stronger sensitivity to social 

rejection (Kupferberg et al., 2016). When receiving negative feedback of social rejection 

from peers, activity in the amygdala, anterior cingulate cortex, left anterior insula, and left 

nucleus accumbens is increased in individuals with depression (He et al., 2020; Jankowski 

et al., 2018; Kumar et al., 2017; Silk et al., 2014). Heightened neural reactivity to social 

rejection is associated with more negative self-perceptions, negatively biased information 

processing (Jankowski et al., 2018), and lower self-esteem (Kumar et al., 2017). In healthy 

participants, heightened activity in the anterior cingulate cortex during rejection feedback 

is linked to the development of depressive symptoms in the following year (Masten et al., 

2011). Altered insula activity in individuals with depression has been discussed as a neural 

correlate of more painful emotions (Mutschler et al., 2012) and maladaptive emotion 

regulation like rumination in depression (Sliz & Hayley, 2012). The induction of depressed 

mood in healthy participants has been shown to increase reactivity to negative information 

in the insula (Harlé et al., 2012). Furthermore, endogenous opioid release in the amygdala 

was reduced in individuals with depression, along with a slower emotional recovery from 

rejection (Hsu et al., 2015). No difference in brain activity could be shown for social 

acceptance feedback (Silk et al., 2014).  

In individuals with social anxiety, social threat cues elicit increased insula response 

(Straube et al., 2004, 2005). A meta-analysis of fMRI studies found that individuals with 

social anxiety exhibit heightened activation in limbic regions, including the amygdala and 

anterior insula, in response to emotional compared to neutral stimuli (Etkin & Wager, 

2007). In particular, negative feedback about one®s performance or personal 

characteristics is associated with increased activity in the medial prefrontal cortex, insula, 

and amygdala (Blair et al., 2008; Heitmann et al., 2014). When under social-evaluative 

threat, anxiety levels of individuals with social anxiety correlated with amygdala activity 

(Tillfors et al., 2001). Activity in the medial prefrontal cortex when receiving performance 

feedback in public is associated with social anxiety, mediated by the dwell time of gaze on 

the audience (Müller-Pinzler et al., 2015). This is in line with the fear of negative evaluation 

in social anxiety going along with an attentional shift in a threat monitoring way (Morrison 

& Heimberg, 2013). When updating self-beliefs, activity in the insula mediates the effect 

of negative social feedback on self-belief updates (Koban et al., 2023), contributing to an 

overall negatively biased learning about the self. 
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In the present fMRI study with a clinical sample, we focus on the regions of interest within 

the amygdala and insula, as these are relevant for processing emotional feedback, as well 

as the midbrain and ventral striatum as a connection to studies that investigated feedback 

processing in depression in reward contexts. 

1.6 Research question 

People hold a variety of beliefs about themselves, their characteristics, their values, their 

competencies and weaknesses, overall, what they base their identity on. These beliefs 

can be positive or negative, sometimes so negative and global that they are associated 

with the development of a mental illness. In order to understand these self-beliefs, a look 

at the learning history is necessary. Usually, we can only understand how a belief arose 

in retrospect. For example, a patient's biography in psychotherapy has to be explored in 

retrospect to hypothesize how maladaptive beliefs and associated symptoms originated. 

When studying the dynamics of self-beliefs in a laboratory setting, participants enter the 

learning paradigm with prior beliefs about themselves. Depending on the type of self-belief 

addressed (e.g., global or specific), these prior beliefs are more or less prominent. Many 

studies examined self-belief updating of rather global self-beliefs, for example, regarding 

their intelligence or personality (Eil & Rao, 2010; Korn et al., 2012; Sharot et al., 2011). 

This means that a strong impact of prior beliefs can be assumed. The following studies 

aim to develop a learning paradigm that captures the process of forming relatively novel 

self-beliefs. Instead of looking at single unrelated belief updates, the development of 

beliefs over several interrelated updates was examined through consecutive trials of self-

related feedback (Krach et al., 2024). This involved addressing beliefs that are initially 

vague (i.e., with high uncertainty about the belief), aiming to form beliefs about one's ability 

over time. For this purpose, a paradigm originally designed for embarrassment induction 

through public performance feedback (Müller-Pinzler et al., 2015) was developed into a 

learning paradigm, which can capture the change in current self-beliefs as a function of 

feedback. In contrast to previous studies in which subjects received self-related feedback 

while remaining relatively passive, the following studies investigated self-belief formation 

in a performance context with active task execution. This means there is a (perceived) 

opportunity to influence the feedback (e.g., by putting in more effort). This active 

performance context can trigger improvement motivation to gain a sense of competence. 

It can also lead to fear of failure and a striving to avoid negative social evaluation, as well 

as increased embarrassment, as shown before (Müller-Pinzler et al., 2015). The task 

allows to address specific mechanisms of the belief formation process and make potential 

biases within this process measurable.  

In the first study, the learning paradigm was established to test whether it is possible to 

form novel self-beliefs in an experimental setting and whether this process is subject to 

distortions. It examined how global prior self-beliefs, specifically self-esteem, as well as 

individual levels of social anxiety are associated with learning biases and whether a public 

social context modulates these. In the second study, the neural underpinnings of self-

belief formation and its distortions were addressed. In addition, the emotional investment, 
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which is particularly relevant for self-beliefs, was examined by combining biased learning 

with self-conscious emotions and pupil dilation as a measure of arousal. The third study 

also addressed affect and self-belief formation, here in pathological dimensions, by 

examining a sample with chronic depression with varying comorbid social anxiety. Neural 

underpinnings of self-belief formation and affect were investigated in this clinical context. 

In the fourth study, a social public context was applied again. Here, with a focus on a more 

intense social-evaluative threat that did not occur during learning but was applied in 

advance. The aim was to investigate how social evaluative stress influences subsequent 

self-belief formation. 



2 Study 1 

Negativity-bias in forming beliefs about own abilities 

 

2.1 Abstract 
During everyday interactions people constantly receive feedback on their behavior, which 

shapes their beliefs about themselves. While classic studies in the field of social learning 

suggest that people have a tendency to learn better from good news (positivity bias) when 

they perceive little opportunities to immediately improve their own performance, we show 

updating is biased towards negative information when participants perceive the 

opportunity to adapt their performance during learning. In three consecutive experiments 

we applied a computational modeling approach on the subjects® learning behavior and 

reveal the negativity bias was specific for learning about own compared to others® 

performances and was modulated by prior beliefs about the self, i.e. stronger negativity 

bias in individuals lower in self-esteem. Social anxiety affected self-related negativity 

biases only when individuals were exposed to a judging audience thereby potentially 

explaining the persistence of negative self-images in socially anxious individuals which 

commonly surfaces in social settings. Self-related belief formation is therefore surprisingly 

negatively biased in situations suggesting opportunities to improve and this bias is shaped 

by trait differences in self-esteem and social anxiety. 
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1 This study has been published as: Müller-Pinzler, L., Czekalla, N., Mayer, A. V., Stolz, D. S., Gazzola, 

V., Keysers, C., Paulus, F. M., & Krach, S. (2019). Negativity-bias in forming beliefs about own abilities. 

Scientific Reports, 9(1), 14416. 

My contribution: designing the research, data acquisition, discussion of the data analyses and 

interpretation of the results, and review and editing of the manuscript.  
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2.2 Introduction 
People examine their own thoughts, behavior and their efficacy, making ¯corrective 

adjustments if necessary° (Bandura & Locke, 2003). They develop beliefs about their 

abilities (Bem, 1965), i.e. the innate and formed capacities that enable them to perform 

particular tasks successfully, which become strong motivators for subsequent behaviors 

and are thus fundamental for well-being (Bandura, 2001; Maier & Seligman, 1976; Nolen-

Hoeksema, Girgus, & Seligman, 1986; Taylor & Brown, 1988). Already during the 

formative periods of development, children®s beliefs in their academic efficacy, e.g. 

mathematical or language self-concepts, have the most pervasive direct impact on their 

judgment of their later occupational efficacy (Bandura, Barbaranelli, Caprara, & Pastorelli, 

2001). Not only in childhood, but throughout the entire lifespan self-related beliefs thus 

shape future performance and behavior (Bandura & Locke, 2003; Kluger & DeNisi, 1996; 

Krueger & Dickson, 1994). Though intensive research on the influence of peers and 

societal norms on self-efficacy beliefs has been conducted (Bussey & Bandura, 1999; 

Eccles, 1989), surprisingly little is known about the learning mechanisms underlying the 

formation of self-related ability beliefs (Bandura, 2001).  

With the present studies we aim to find answers for three central questions: First, how do 

people process feedback on their abilities and form beliefs about themselves? Second, 

how do differences in personality impact this process and finally, how does the social 

context shape such learning?  

Previous studies demonstrate that we update our beliefs in response to the feedback we 

receive. Rather than integrating feedback in a way that results in an accurate 

representation of the world studies show that self-related information is not perceived 

objectively (Loewenstein, 2006; Sharot & Garrett, 2016). The perception of self-related 

feedback is influenced by various motivational factors. Positive beliefs have an intrinsic 

value (Sharot & Garrett, 2016) as individuals strive to be viewed in a positive and self-

serving light (Markus & Wurf, 1987). This culminates in a robust and often replicated 

positivity bias for learning of self-related information (Eil & Rao, 2010; Kuzmanovic, 

Jefferson, & Vogeley, 2016; Mobius, Niederle, Niehaus, & Rosenblat, 2013; Sharot & 

Garrett, 2016; Sharot, Korn, & Dolan, 2011). Particularly, people show increased updates 

of their self-related beliefs when information was better than expected (positive prediction 

error) compared to when information was worse than expected (negative prediction error; 

Sharot et al., 2011). However, all of these studies have focused on self-related belief 

updating by confronting people with feedback concerning aspects of the self that are often 

perceived as rather difficult to change (e.g. IQ, likelihood of dying from a disease; Eil & 

Rao, 2010; Kuzmanovic et al., 2016; Mobius et al., 2013; Sharot et al., 2011). While 

people might be able to improve in those aspects by long-term training or preventive 

health strategies they cannot be directly modified by the agent in the course of the 

experiment. Does this positivity bias thus also apply to the many cases in which the 

recipient of feedback can immediately alter the behavior that has been appraised? 

Humans often have the opportunity to improve (Bandura, 2001; Zimmerman, 1990). For 

example, when processing information about their job or school performance (¯Am I good 
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at my job?°; ¯Am I a good student?°) or sociability (¯Am I a likeable person?°), they can 

directly act to improve them (e.g. by putting more effort in the next task at work or school 

or acting more prosocially during the next social interaction). There might thus be a 

difference in how people update their own ability beliefs based on the presence or 

absence of the perceived opportunity to improve. Situations suggesting little opportunity 

for improvement may encourage a positivity bias to regulate mood, whilst those 

suggesting significant opportunities to improve abilities may encourage the processing of 

negative information to focus effort where it is most needed (Bandura et al., 2001; Jordan 

& Audia, 2012; Nolen-Hoeksema et al., 1986; Zimmerman, 2002). In order to fully 

understand how beliefs are formed and updated it is therefore important to explore 

whether positivity biases also apply in situations suggesting opportunities for change, for 

instance by providing performance feedback while people develop a novel skill as 

compared to facing rather unchangeable facts. 

An important related question is how people differ in how they form beliefs about their 

abilities. The functional value of stable self-efficacy beliefs in contrast to ¯the self-

handicapping costs of nagging self-doubts about one®s capabilities° has often been 

discussed (Bandura & Locke, 2003). For example, studies in the field of developmental 

and educational psychology continuously demonstrate that already at very young age a 

child®s fundamental lack of belief in his/her own ability to achieve ² while not lacking in 

actual abilities ² consistently tempers their ambition (Bandura et al., 2001). Self-related 

beliefs have the potential to imbue perception and interpretation of feedback (e.g. 

confirming prior beliefs; Blascovich & McFarlin, 1981; Swann, 1983) and thereby impact 

consecutive behavior (i.e. task persistence and effort; Kluger & DeNisi, 1996; Krueger & 

Dickson, 1994; Shrauger & Rosenberg, 1970). The impact of negative self-related beliefs 

might be even more detrimental in individuals with mental health conditions like 

depression (Moore & Fresco, 2012) and social anxiety disorder (Garner, Mogg, & Bradley, 

2006; Hirsch & Mathews, 2000; Vroling & De Jong, 2009). In such clinical conditions 

negative beliefs can lead to reduced intrinsic motivation or avoidance behavior and thus 

exacerbate a self-perpetuating cycle of negative self-related thoughts (Goldin, Manber-

Ball, Werner, Heimberg, & Gross, 2009; Heimberg, Brozovich, & Rapee, 2010; Leary & 

Atherton, 1986). It is therefore important to consider interindividual differences in 

personality to unravel potential maladaptive learning biases and mechanisms specific for 

self-related beliefs. 

The social context itself plays another crucial role with respect to the formation of self-

related beliefs. Being in public changes how people perceive and evaluate their own 

behavior (Müller-Pinzler et al., 2015; Steinmetz et al., 2016) and it is argued that the 

presence of other individuals increases arousal, implicating behavioral consequences 

(Triplett, 1898; Zajonc & Sales, 1966). Humans do not only differ in their general self-

related beliefs but also in their specific beliefs to be capable of coping with public 

situations. Especially socially anxious individuals fear social evaluation and feel unable to 

make the desired impression in a social context (Leary, 2007; Leary & Kowalski, 1995; 

Morrison & Heimberg, 2013). Thus, the social context elicits negative cognitions and 
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emotions that are thought to shape self-efficacy beliefs (Bandura & Locke, 2003). Our aim 

is thus to examine how prior beliefs about the self impact how individuals learn about their 

own abilities in a performance situation and how the social context in which individuals 

perform and receive feedback, e.g. feedback provided under observation or in privacy, 

shapes self-related learning. 

Introducing the ¯Learning of own performance° (LOOP) task (see Figure 2.1), we 

examined in three studies how people update self-related beliefs in an ability domain that 

is novel for them, i.e. cognitive estimation (such as estimating the weights of animals), 

unlike e.g. mathematical skills for which people hold strong and rigid prior beliefs about 

their potential capabilities. We implemented a performance-feedback-loop that mimics 

everyday life performance situations. Inferring prediction error (PE) learning rates by fitting 

computational learning models we assessed the modulatory influence of self-relatedness, 

prior beliefs, and the social context on belief updating. Our hypotheses were that when 

learning about the self, the weight of self-related negative feedback would be increased, 

because negative feedback gains specific importance for behavior regulation by signaling 

a demand to increase task-related effort. This led us to predict that this effect would be 

absent for non-self-related feedback. Second, we assessed whether prior beliefs about 

the self modulate self-related belief-formation. Here, our expectation was that self-esteem 

and social anxiety would shift updating behavior in line with a confirmation bias. As 

suggested by prior studies this implies that individuals higher in social anxiety would show 

increased biases towards negative information (Button et al., 2015; Koban et al., 2017). 

Third, we expected the negativity bias in social anxiety to be augmented by a social 

context, i.e. the presence of an evaluative audience, which triggers social fear related 

cognition and behavior. 

2.3 Results 
 

Experimental Design. Experiment 1: Agent-LOOP. The LOOP task formed the main frame 

for three separate experiments. In experiment 1 we implemented the LOOP task 

manipulating the ¯Agent° of the estimation performance to assess how participants 

learned about themselves (Self condition) compared to learning about another (Other 

condition). In doing so we aimed to provide an answer for our first main question: how do 

people process feedback on their abilities and form beliefs about themselves (as 

compared to learning about another person as a control condition)? Participants were 

invited in pairs to a study on cognitive estimation. The estimation tasks involved answering 

estimation questions while receiving manipulated relative performance feedback for each 

question. Participants took turns in performing the task themselves or allegedly observing 

the other person performing, while continuously indicating the expected performance 

(EXP ratings) for the upcoming trial in a High Ability condition and a Low Ability condition 

(resulting in four feedback conditions: Agent condition (Self vs Other) × Ability condition 

(High Ability vs Low Ability); see Methods for a detailed description of the task). Our 

second question, how differences in personality impact self-related learning, was  
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Figure 2.1. Trial sequence, modeling of learning behavior, and experimental factors of the experiments. 
(A) A cue (CUE) in the beginning of each trial indicated the following estimation category. After providing 
their performance expectation ratings (EXP) participants received an estimation question (EST), 
followed by the corresponding performance feedback (FB). (B) EXP ratings were modeled by means of 
Rescorla-Wagner delta-rule update equations with different learning rates (Ŭ, see 2.5 Methods) taking 
into account trial-by-trial prediction errors (PEt) in response to the provided FB. (C) In three experiments 
we assessed the impact of two experimental factors. The ñAgentò was manipulated within subjects in 
the Agent-LOOP task in experiments 1 and 3 and the ñAudienceò was manipulated in a between-subject 
design in the Audience-LOOP task (experiment 2) as well as between the Private and the Public group 
of the Agent-LOOP task (experiment 1 vs experiment 3). 
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investigated across all three experiments. In experiments 1 we assessed a person®s 

general sense of self-competence or self-esteem via the Self-Description Questionnaire 

before participants were involved in the estimation task (SDQ-III; Marsh & O®Neill, 1984). 

We also assessed social interaction anxiety via the Social Interaction Anxiety Scale (SIAS; 

Mattick & Clarke, 1998). For more details on the sample®s questionnaire data see 

Supplementary Table 1.1.  

Experiment 2: Audience-LOOP. In experiment 2 we implemented another version of the 

LOOP task, to answer our third main question: how does the social context shape self-

related learning? We now assessed the impact of the presence of an audience, i.e. being 

in public or not, on self-related learning in a between-subject design (Figure 2.1C). 

Participants were invited alone and were randomly assigned to one of two experimental 

groups (Private vs Public group; see Methods section for further details) resulting in four 

experimental conditions (Ability condition (High Ability vs Low Ability) × Audience group 

(Private vs Public)). Here again social interaction anxiety scores served to assess how 

differences in personality impact self-related learning and specifically how this is 

modulated by the social context. 

Experiment 3: replication and extension. We conducted a third experiment again 

implementing the Agent-LOOP task (experiment 1), while introducing publicity in a more 

minimal fashion compared to the Audience-LOOP (experiment 2). With this task variant 

we aimed to replicate the previous findings as well as to provide evidence for the specificity 

of the audience effect for self-related learning compared to learning about another person. 

Self-esteem and social interaction anxiety scores were assessed as described above. 

Model-free Behavioral Analysis. We first performed a model free analysis to capture the 

basic effects we see in our behavioral data (see 2.5 Methods section for further details). 

For the Agent-LOOP in experiment 1 the Trial × Ability condition × Agent condition ANOVA 

revealed a significant main effect of Ability condition (F(1,22) = 215.26, p < .001) and 

interaction of Trial × Ability condition (F(24,528) = 31.43, p < .001) reflecting that participants 

adapted their EXP ratings over time according to the feedback provided in each Ability 

condition (see Figure 2.2). The significant main effect of Agent condition (F(1,22) = 15.24, 

p = .001) and interaction of Agent condition × Ability condition (F(1,22) = 4.65, p = .042) 

both indicate that participants evaluated their own performance more negatively than the 

other®s performance, specifically in the Low Ability condition. There was no significant 

interaction of Trial × Agent condition × Ability condition (F(24,528) = 0.99, p = .476).  

For the Audience-LOOP (experiment 2) the Trial x Ability condition x Audience ANOVA 

revealed a significant main effect of Ability condition (F(1,57) = 261.56, p < .001) and 

interaction of Trial × Ability condition (F(29,1653) = 39.84, p < .001) indicating that participants 

adapted their EXP ratings over time, while there was no significant impact of the Audience 

on EXP ratings (main effect of Audience: F(1,57) = 0.09, p = .767; Audience × Ability 

condition: F(1,57) = 0.15, p = .700; Audience × Ability condition × Trial: F(29,1653) = 1.00, 

p = .467). 
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Figure 2.2. Predicted and actual performance expectation ratings across time. The behavioral data of 
the three experiments (averaged across subjects) indicate that participants adapted their performance 
expectation ratings (solid lines) to the provided feedback, thus learning about their allegedly distinct 
performance levels in the two ability conditions. In the Agent-LOOP (top and bottom) participants 
evaluated their own performance more negatively than the otherôs performance. Our valence specific 
learning model captured the participantsô behavior for all experiments. Shaded areas represent the 
standard errors for the actual performance expectations for each trial. Predicted data (pred.) are 
represented by the dashed lines. 

 

For the public version of the Agent-LOOP in experiment 3, we replicated the findings of 

experiment 1 (main effect Ability condition: F(1,28) = 182.99, p < .001; interaction of Trial × 

Ability condition: F(24,672) = 36.80, p < .001). Similarly, there was a significant main effect of 

Agent condition (F(1,28) = 18.49, p < .001), while the interaction of Agent condition ×  

Ability condition (F(1,28) = 2.18, p = .151) and the Trial × Agent condition × Ability condition 

interaction (F(24,672) = 1.12, p = .316) failed to reach significance, indicating that 

participants evaluated their own performance more negatively than the other®s 
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performance independently of the ability condition. The combined analysis of the public 

and private Agent-LOOP (experiment 1 and 3) confirmed the results of the Audience-

LOOP by showing that Audience did not have any significant effects also with regards to 

the additional Agent condition (all ps > .439). The remaining effects stayed consistent with 

the separate analyses of experiment 1 (for more details see 2.7 Supplementary Results). 
 

 

 

Figure 2.3. Structure of the model space for the three experiments. (A) In the Agent-LOOP task 
(experiments 1 and 3) we distinguished two factors impacting learning rates: the agent (Self vs Other) 
and the impact (no impact: Unity Model) of the ability condition (Ability Model) or valence (Valence 
Model). (B) In the AudienceLOOP task the impact of the ability condition or valence on learning rates 
was assessed within the Private and the Public group separately. For a more detailed description of the 
model space including initial values for the performance expectations see 0 Supplementary Methods. 

 

Model Selection for Computational Models of Learning Behavior. To see whether a 

learning model can capture the participants® behavior and allows us to summarize the 

data using principled parameters such as learning rates, we performed a model 

comparison (see Figure 2.3). Our model space contained three main models varying with 

regards to their assumptions about biased updating behavior when learning about the self 

(see Figure 2.3). The simplest learning model used one single learning rate for the whole 

behavioral time course for each participant, thus not assuming any learning biases [EXPt+1 

= EXPt + ƨUni PEt, while PEt = FBt ī EXPt; Unity Model]. The second model, the Ability 

Model, contained a separate learning rate for each of the ability conditions, assuming that 

participants would show different updating behavior in the High Ability condition (ƨHA) vs 

Low Ability condition (ƨLA). The third model, the Valence Model, included separate learning 
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rates for positive PEs (ƨPE+) vs negative PEs (ƨPEī) across both ability conditions, thus 

suggesting that the valence (positive vs negative) of the PE biases self-related learning 

rather than the ability condition itself. In the Agent-LOOP task (experiments 1 and 3) the 

distinction between learning about oneself vs another person was introduced as a second 

factor in the model space resulting in three additional models. Model 4 corresponded to 

the Unity Model with separate learning rates for the self (ƨUni(S)) and the other person 

(ƨUni(O)). Model 5 was the extension of the Ability Model distinguishing between learning 

about the self (ƨHA(S), ƨLA(S)) and the other person (ƨHA(O), ƨLA(O)), resulting in four different 

learning rates. Model 6 extended the Valence Model by separate learning rates for oneself 

(ƨPE+(S), ƨPEī(S)) and the other person (ƨPE+(O), ƨPEī(O)). To test if the participants® EXP ratings 

could be better explained in terms of prediction error learning as compared to stable 

assumptions in each Ability condition, we included a simple Mean Model with a mean 

value for each task condition (two values for the Audience-LOOP (Model 4) and four 

values for the Agent-LOOP (Model 7)).  

For the Agent-LOOP ² implementing model comparison across experiment 1 and 3 ² the 

Valence Model with separate learning rates for Self vs Other (Model 6) received the 

highest sum PSIS-LOO score out of all models (for all PSIS-LOO scores see Table 2.1, 

Supplementary Tables 2.2 - 2.3; for a more detailed description of the model space see 

2.7 Supplementary Methods). BMS resulted in a protected exceedance probability of 

pxp = .998 (excluding flawed PSIS-LOOs: pxpLOOcorr > .999) for Model 6 and a BOR < .001 

(excluding flawed PSIS-LOOs: BORLOOcorr < .001). 

For the Audience-LOOP (experiment 2), there was a clear indication that the Valence 

Model (Model 3) outperformed all other models according to BMS. Across the Private and 

Public groups, the protected exceedance probability for the Valence Model was pxp > 

.999 (pxpLOOcorr > .999). The BOR was BOR < .001 (BORLOOcorr < .001). 

Taking into account that model comparisons consistently favored the Valence Model 

across experiments (Model 6 for the Agent-LOOP and Model 3 for the Audience-LOOP) 

the Valence Model was selected for all further analyses of learning parameters. Model 

selection thus revealed that a learning model far surpasses a mean model without 

learning, and that amongst the learning models, those assuming different learning rates 

for positive and negative PEs performed best, confirming that it is important to distinguish 

how positive and negative information is processed. This allowed us to specifically test our 

main hypotheses of difference in learning about the self vs the other with respect to 

negative in contrast to positive PEs.  

The time courses of EXP ratings predicted by our winning model successfully captured 

trial-by-trial changes in EXP due to PE updates within each of the ability conditions at the 

individual subject level (R2 = 0.37 ± 0.24; M ± SD) supporting the validity of the model in 

describing the subjects® learning behavior. Posterior predictive checks also confirmed that 

the winning model captured the core effects in our model free analysis by showing that 

behavioral analysis on the predictions recapitulates the tendency towards more negative 

performance expectations for the other that was core to our data (see 2.7 Supplementary 

Results and Figure 2.2).  
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Model PSIS-LOO  LOO-SE LOO-Diff 

(SE-Diff)  

% of kĔ > 

0.7 

No. Est. 

Parameters 

Agent-LOOP (Experiments 1 and 3)      

  Self = Other      

   Unity Model (M1) ī2380.1 247.8 135.4 (63.7) 0.1 5 

   Ability Model (M2) ī2336.5 261.5 91.7 (42.4) 0.3 6 

   Valence Model (M3) ī2320.5 259.0 75.7 (49.4) 0.2 6 

  Self Í Other      

   Unity Model (M4) ī2376.2 254.8 131.5 (54.6) 0.4 6 

   Ability Model (M5) ī2330.7 263.3 85.9 (42.8) 1.2 8 

   Valence Model (M6) ī2244.8 283.5 ð 0.3 8 

   Mean Model (M7) ī2953.6 190.3 708.9 (123.3) 0.0 4 

Audience-LOOP (Experiment 2)      

   Unity Model (M1) ī708.2 145.1 213.1 (35.8) 0.1 3 

   Ability Model (M2) ī570.2 150.0 75.0 (26.8) 0.3 4 

   Valence Model (M3) ī495.2 150.9 ð 0.1 4 

   Mean Model (M4) ī1189.5 124.9 694.4 (61.3) 0.0 2 

Table 2.1. Model comparisons. Note. LOO = sum PSIS-LOO, approximate leave-one-out cross-validation (LOO) 

using Pareto-smoothed importance sampling (PSIS); LOO-SE = Standard error of PSIS-LOO; LOO-Diff (SE-

Diff) = Difference in expected predictive accuracy (PSIS-LOO) for all models from the model with the highest 

PSIS-LOO (Valence Model) and standard errors of differences; percentage of kĔ - estimated shape parameters of 

the generalized Pareto distribution - exceeding 0.7 (all according to Vehtari et al., 2017); No. Est. Parameters = 

number of estimated parameters in the model. 

 

Learning Parameters. Experiment 1: Agent-LOOP. Participants showed higher learning 

rates when learning about themselves compared to learning about another person (main 

effect of Agent: F(1,22) = 5.23, p = .032). There was no main effect of PE Valence (F(1,22) = 

0.90, p = .354), but the significant interaction of Agent × PE Valence (F(1,22) = 5.49, 

p = .029) suggested that there was a bias of updating towards negative information when 

learning about the self (t(22) = 1.79, p = .088, M(ƨPEī(S)) = 0.14, SD = 0.09; M(ƨPE+(S)) = 0.12, 

SD = 0.06). Learning about another person's performance did not show a significant bias 

towards negative valence (t(22) = -0.71, p = .484; M(ƨPEī(O)) = 0.10, SD = 0.07; M(ƨPE+(O)) = 

0.11, SD = 0.08; see Figure 2.4).  

Experiment 2: Audience-LOOP. The results of the Audience-LOOP replicated the 

updating bias towards negative self-related information (main effect of PE Valence: F(1,57) = 

12.64, p = .001; Private: M(ƨPEī) = 0.10, SD = 0.08, M(ƨPE+) = 0.07, SD = 0.06; Public: 

M(ƨPEī) = 0.08, SD = 0.08, M(ƨPE+) = 0.06, SD = 0.06). We, however, did not find any 

differences in learning rates between the Private and the Public group (F(1,57) = 1.14, p = 

.290), nor a significant interaction of Audience × PE Valence (F(1,57) = 0.35, p = .559), 

suggesting that being in public might not affect the level of updating in response to 

negative or positive information per se.  

Experiment 3: replication and extension. We again found a significant interaction of Agent 

× PE Valence (F(1,28) = 15.45, p = .001), replicating our previous findings of a bias towards 

negative information, when learning about the self (t(28) = 3.57, p = .001; M(ƨPEī(S)) = 0.15, 

SD = 0.10; M(ƨPE+(S)) = 0.09, SD = 0.05) and no bias towards negative valence when  
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Figure 2.4. Learning rates across the three experiments. The learning rates derived from the Valence 
Model indicate that there was a bias towards increased updating in response to negative prediction 
errors (ŬPEī) in contrast to positive prediction errors (ŬPE+) across all three experiments. This effect was 
only present when learning about the self (see left and right) and independent of the social context. Bars 
represent mean learning rates, error bars depict +/ī 1 standard error; * indicates a significant interaction 

effect of PE Valence × Agent; # indicates a significant main effect of PE Valence across Audience groups. 

 

learning about the other person (t(28) = ī1.35, p = .132; M(ƨPEī(O)) = 0.11, SD = 0.07; 

M(ƨPE+(O)) = 0.12, SD = 0.08). Unlike in experiment 1 learning rates did not differ between 

the Self and the Other condition (F(1,28) = 0.13, p = .718), due to slightly increased learning 

rates for the Other condition in the Public group. The main effect of PE Valence reached 

significance (F(1,28) = 5.25, p = .030), but was driven by a strong bias towards negative 

valence only in the Self condition. Considering the estimated learning rates of the private 

Agent-LOOP in experiment 1 and the public version in experiment 3 for the assessment 

of audience effects, the main effect of PE Valence (F(1,50) = 4.99, p = .030) as well as the 

interaction of Agent × PE Valence (F(1,50) = 19.01, p < 0.001) remained significant, while 

the main effect of Agent still failed to reach significance (F(1,50) = 1.98, p = .166). 

Interestingly, replicating the results of the Audience-LOOP we could not find a main effect 

of Audience (Audience: F(1,50) < 0.01, p = .966) or any interaction effects (Audience × 

Agent: F(1,50) = 0.67, p = .416; Audience × PE Valence: F(1,50) = 0.68, p = .414; threefold-

interaction Audience × PE Valence × Agent: F(1,50) = 2.44, p = .125). This again suggests 

that the presence of an audience might not affect updating in response to negative or 

positive information per se. 

Finally, cumulative Bayesian analysis suggests that across all three experiments there was 

extremely high evidence (Jeffreys, 1961) for a negative valence bias (Bayes Factor10 = 

19081.7; effect size ƫ = -0.68, 95%-confidence interval (CI) = [-0.41/-0.95]). Even when 

adopting an informed prior in favor of a positivity bias (medium mean effect size = 0.5; 

standard deviation = 0.25), as has been suggested by various studies (Sharot & Garrett, 

2016), there still was very strong support for a negativity bias in our data (Bayes Factor10 = 

94.4; effect size ƫ = -0.36, CI = [-0.18/ -0.55]). 
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Figure 2.5. Correlation plots of self-related Valence Bias Scores and social anxiety as well as self-
esteem for the public and private groups. (A) Increased trait self-esteem (SDQ-III score) was associated 
with a decrease in the negative updating bias about the self in the Public (experiment 3) and the Private 
group (experiment 1). (B) Trait social anxiety (SIAS score) was associated with increased self-related 
learning biases towards negative information in the Public groups but not the Private groups (across all 
experiments). 

 

Associations of Learning Behavior with Self-Esteem and Social Anxiety. Partial 

correlations of Valence Bias Scores (Valence Bias Score = (ƨPE+(S) ī ƨPEī(S))/(ƨPE+(S) + 

ƨPEī(S)); similarly for other-related learning; Niv, Edlund, Dayan, & O®Doherty, 2012; 

Palminteri, Lefebvre, Kilford, & Blakemore, 2017) and EXP ratings indicated that Valence 

Bias Scores successfully captured behavioral variance between individuals for all three 

experiments: Agent-LOOP (experiment 1): rpart = .71, p < .001, Audience-LOOP: Private: 

rpart = .78, p < .001, Public: rpart = .86, p < .001, Agent-LOOP (experiment 3): rpart = .47, p 

= .006. Thus, individuals with more negative Valence Bias Score ended up with lower self-

related performance expectation in the end of the task (controlled for the initial 

expectations). 

The valence bias in self-related learning we found across all three experiments (Valence 

Bias Score) was negatively associated with interindividual differences in self-esteem in the 

Agent-LOOP task, r(52) = .44, p = .001 (across experiment 1 and 3; see Figure 2.5A). This 

indicates that individuals with lower self-esteem showed a stronger valence bias in 

learning from negative PEs compared to positive PEs. Bayesian analysis corroborated this 

finding and showed strong evidence for an association of self-esteem and Valence Bias 

Score (Bayes Factor10 = 30.0; effect size ƫ = 0.44, CI = [0.18/ 0.63]) but the data was 

inconclusive with regard to a modulating effect of Audience (Bayes Factor10 = 0.6). 

When assessing the impact of trait social anxiety on updating in response to negative vs 

positive PEs, we found that the Valence Bias Score was significantly negatively associated 

with SIAS scores in the Public groups (r(58) = -0.39, p = .002; across experiment 2 and 3), 

while there was no association in the Private groups (r(50) = 0.06, p = .669; across 

experiment 1 and 2; difference of correlations: z = 2.39, p = .018). This indicates that 

individuals higher in social interaction anxiety shifted their updating behavior more strongly 

towards learning from negative information, specifically when they were in a public 
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context. This association of the SIAS with learning biases in the public but not in the private 

context was not present for learning rates for the other person®s performance (Private: r(23) 

= -0.03, p = .897; Public r(29) = -0.21, p = .263; difference in correlations: z = 0.64, p = 

.524). Bayesian analyses revealed moderate support that the association of SIAS scores 

and self-related Valence Bias Scores was modulated by the Audience (Bayes Factor10 = 

7.2). We could find strong evidence that SIAS scores were negatively associated with the 

Valence Bias in the Public group (Bayes Factor10 = 14.4; effect size ƫ = -0.39, CI = [-0.14/ 

-0.58]), while there was support for the absence of that effect in the Private group (Bayes 

Factor10 = 0.2; effect size ƫ = 0.06, CI = [-0.21/ 0.32]). 

2.4 Discussion 

In a series of three consecutive experiments we explored how individuals update beliefs 

about their own abilities, and contrasted this against how they update beliefs about others. 

We aimed to disentangle situational, motivational, and interindividual factors to better 

understand the nature of learning biases and their relevance for the development of self-

concepts. With regard to our first main question, we found that individuals show an 

updating bias towards negative information about their own performances. When people 

witnessed feedback about the performance of others, they were as sensitive to positive 

as negative information. When finding out about their own performance they learned most 

from negative feedback, which updated their performance estimates more than the 

positive feedback.  

The self-related negativity bias in our findings stands in opposition to the view that self-

related learning is positively biased in general (Sharot & Garrett, 2016) and even when 

adopting a biased prior in favor of a positivity bias, our study provides clear evidence for 

a negativity-bias in the LOOP task. Hence, one could argue that these results should 

motivate a closer look on the specific features of tasks applied to examine biases in self-

related learning. We argue that several features of the LOOP task introduced here 

differentiate our task from those that provide evidence in favor of a general positivity bias 

(Eil & Rao, 2010; Korn, Prehn, Park, Walter, & Heekeren, 2012; Mobius et al., 2013; 

Sharot et al., 2011). 

The specificity of findings on self-related learning suggests that when individuals learn 

about their own abilities, in contrast to learning about another person, unique motivational 

factors come into play and shape the way of thinking about and learning from self-related 

feedback. Subjective desirability of information is considered a constituting factor leading 

to a positivity bias (Sharot & Garrett, 2016). Such biased updating is in line with the 

common phenomenon of overconfidence or the so-called ¯better-than-average° effect, 

describing the phenomenon that people tend to judge their own performance as better 

than the average performance (Brown, 1986, 2012). While individuals are typically 

inclined to hold a positive view of themselves (Sedikides & Gregg, 2008), which can shape 

the abovementioned situational desirability of positive information, the nature of the 

performance situation determines how individuals achieve a positive view of the self in the 

long run. Depending on the situation, two distinct and almost oppositional motives could 
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in principle color how we process feedback: self-enhancement (i.e. the tendency to 

evaluate the self positively by either augmenting the positivity or diminishing the negativity 

of the self-concept) and self-improvement (i.e. the tendency to improve one®s own 

performance to maintain a positive self-evaluation; Jordan & Audia, 2012; Sedikides & 

Gregg, 2008).  

Studies typically find a positivity bias in updating in line with self-enhancement motives 

when individuals are confronted with feedback in a personally relevant domain (e.g. IQ, 

health status), but the content (e.g. being intelligent or not) is rather unchangeable during 

the experiment (Eil & Rao, 2010; Korn et al., 2012; Kuzmanovic et al., 2016; Sharot et al., 

2011). Here, self-enhancement motives are triggered because a negative self-related 

belief in the personally relevant domain would pose a threat for the individual (Jordan & 

Audia, 2012; Sedikides & Gregg, 2008). Being unable to change the actual outcome with 

regards to the self, self-enhancement remains the only behavioral option to fulfill the wish 

for a positive self-view (Jordan & Audia, 2012) and thus might increase the motivation for 

a positive updating bias when confronted with new information about the self (Eil & Rao, 

2010; Swann, 1983).  

In contrast, in our task we explicitly aimed to induce a state of experienced control over 

the outcome of the situation ² by making participants believe they received online 

feedback on their actual task performance ² and thus likely triggered participants® self-

improvement motives (Jordan & Audia, 2012; Sedikides & Hepper, 2009). A situation that 

allows for improvement is thought to naturally trigger people®s desire for self-improvement 

specifically in response to past failure (Taylor, Neter, & Wayment, 1995) and when upward 

social comparison information is provided (Sedikides & Hepper, 2009). Given the 

participants feel they have the necessary psychological resources (i.e. sufficient self-

esteem, low self-threat induced by a novel task), they should focus on the negative 

feedback ² here trials that, in particular, offer room for improvement ² and be motivated 

to do better in the current performance situation (Sedikides & Hepper, 2009). The 

increased significance of negative feedback, that has also been shown to shape 

performance forecasts (Clark & Friesen, 2009; Ertac, 2011), might have led to the biased 

updating behavior we find in the current study. This particular study set-up aligns nicely 

with many real-life performance situations at school or work environments, in which 

negative feedback calls for direct behavioral change (Sedikides & Hepper, 2009). One 

needs to consider, that this interpretation is speculative in the context of our experiments 

and we do not know if the motivation to improve might have driven the individuals® learning 

behavior. While participants did believe that the relative performance feedback was 

related to their actual task performance, most likely believing they could change the next 

trial®s outcome with their behavior, participants did not receive concrete feedback on their 

estimation accuracy and were not actually able to improve their performance. An 

alternative factor shaping learning biases might be the reduced relevance of the 

estimation task in contrast to learning about one®s IQ or health risks, which might have 

reduced positivity biases.     

An additional explanation for the negativity bias might be grounded in affective processes 
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associated with negative feedback. From earlier research we know that failing 

unexpectedly in a performance situation not only triggers the motivation to improve in the 

next trial, but can also elicit the experience of embarrassment (even by the mere thought 

or possibility of an audience witnessing one®s mistakes) and might induce a fear of failing 

again (Leary, 1995; Müller-Pinzler et al., 2015). Such an affective connotation of negative 

prediction errors might thus similarly increase the subjective relevance of negative 

information resulting in a more negatively biased learning as it is thought to form self-

efficacy beliefs (Bandura & Locke, 2003). Future studies will be needed to directly test the 

impact of distinctive affective states like embarrassment and motives of self-enhancement 

or improvement as well as task-related effects on specific biases in self-related learning. 

With our second main question we assessed the impact of interindividual personality 

differences on self-related belief formation. Apart from a general updating bias towards 

negative information about the self we observed that the asymmetry in learning rates was 

associated with prior beliefs about the self. Individuals with more negative prior beliefs 

about themselves (i.e. lower self-esteem) showed more pronounced learning biases 

towards negative information suggesting that, besides a general valence induced bias, 

confirmation biases shape social learning processes. The term ¯confirmation bias° 

describes the observation that one favors information in line with one®s prior views and it 

is argued that the confirmation bias might be especially pronounced with regards to self-

concepts (Swann, 1983). Such an impact of prior beliefs is supported by previous studies 

showing that individuals preferably updated their beliefs in line with their prior expectations 

about their own task performance (Ertac, 2011). Similarly, low self-esteem has been 

shown to lead individuals to confirm their prior beliefs, maintaining negative performance 

expectations even in the context of successful performance (Blascovich & McFarlin, 

1981). In this line, interindividual differences in updating behavior have been associated 

with distinct activation patterns on the neural systems level. For example, trait optimism 

has been associated with decreased activation of the right inferior prefrontal gyrus in 

response to negative self-related information, indicating decreased sensitivity for negative 

information that is incongruent with more pronounced optimistic beliefs (Sharot et al., 

2011).  

Apart from self-esteem, trait social anxiety is a potent modulator of biases in self-related 

learning. In the present studies we directly addressed the fundamental fear in social 

anxiety: being observed in an evaluative performance situation. In line with recent findings, 

individuals higher in social anxiety exhibited an increased bias towards negative 

information (Button et al., 2015; Koban et al., 2017). Interestingly, with regard to our third 

main question, this learning bias towards negative information was modulated by the 

social context and only present when participants were exposed to a potentially judging 

audience. This distinction has not been explored so far in social anxiety even though the 

importance of the social context has recently been pointed out for depression (Safra, 

Chevallier, & Palminteri, 2019). It has been suggested that diminished striatal involvement 

in the brain®s reward system reflects the lack of a motivational preference for positive 

social information in social anxiety disorder (Cremers, Veer, Spinhoven, Rombouts, & 
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Roelofs, 2015). However, given our data we would question whether such a valence bias 

in social anxiety exists independently of the social context. Previous studies reported that 

socially anxious individuals displayed negativity biases in response to social evaluative 

feedback on a public speech (Koban et al., 2017) or social feedback in the form of 

¯personal-descriptive adjectives° (Button et al., 2015), information that is likely to trigger 

social fear related thought and attention patterns. This is corroborated by studies 

suggesting that individuals suffering from social anxiety typically pay more attention to 

information indicating a potential threat to their social image and interpret these social 

cues in a negatively biased way (Alden, Taylor, Mellings, & Laposa, 2008; Amin, Foa, & 

Coles, 1998; Amir, Prouvost, & Kuckertz, 2012; Ashbaugh, Antony, McCabe, Schmidt, & 

Swinson, 2005; Heimberg et al., 2010). In a previous study, we demonstrated that socially 

anxious individuals paid increased attention to the audience while receiving feedback on 

their estimation performance. Also, pupil dwell time on the faces of the audience mediated 

neural activation differences in the mentalizing network (Müller-Pinzler et al., 2015). Taken 

together, one may assume that the informational content (i.e. social evaluative feedback) 

as well as context (i.e. publicity or privacy) modulate attentional and cognitive processes 

in social anxiety. Here, we explicitly considered the impact of content and context and 

designed our task to be generally unrelated to social or other specific fears (unlike other 

commonly employed tasks in social learning where one e.g. is being judged by others with 

regards to one®s personality). Thus, interindividual differences in updating behavior in the 

present data likely reflect a more basic bias in self-related information processing 

compared to tasks which comprise strong priors (e.g. ¯I have always been awkward in 

social interactions.°; Button et al., 2015; Koban et al., 2017). Our finding of context 

specific biases in self-related learning thus provides first indications that biased self-

related belief updating only emerges when fear related processes are triggered, i.e. when 

confronting (socially anxious) individuals with potential social judgement by an evaluative 

audience. However, as our sample consisted of healthy individuals with non-clinical levels 

of social anxiety, future studies on clinical populations are needed to substantiate this 

clinically relevant claim. 

When taking self-improvement motives into account, increased responsiveness to 

negative feedback related to high levels of social anxiety or low self-esteem might be a 

strategy to make up for perceived personal deficits. However, it has been shown that 

people low in self-esteem rather show a decline in task performance instead of benefitting 

from negative feedback (Shrauger & Rosenberg, 1970), while high self-esteem is thought 

to facilitate task persistence (Baumeister, Campbell, Krueger, & Vohs, 2003). Similarly, 

instead of improving their social performance, socially anxious individuals feel unable to 

make the desired positive impression, which in turn increases the experience of social 

anxiety (Schlenker & Leary, 1982) and the kind of avoidance behavior that contributes to 

the often described deficits in everyday life functioning in social anxiety disorder 

(Heimberg et al., 2010). Self-related confirmation biases in learning might thus, at least in 

some cases, confirm maladaptive and rather pessimistic views about the self ² or ¯more 

realistic°, as discussed in the context of depression (Korn, Sharot, Walter, Heekeren, & 
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Dolan, 2014; Moore & Fresco, 2012). With respect to social anxiety this might reflect a 

core process of clinical relevance that could explain the persistence of negative self-

related beliefs in the social domain that is not necessarily grounded in actual negative 

feedback (Heimberg et al., 2010). In line with this, another explanation for the pronounced 

negativity bias in the current experiments might be that individuals have overly negative 

prior self-related beliefs for their estimation ability, which could lead to a confirmation bias 

for their own inability to solve the estimation questions. Identifying the circumstances 

under which a preference for negative feedback might be triggered and those that lead to 

self-improvement vs. consistent negative beliefs, are two interesting avenues for future 

research.  

To summarize, our results indicate a negativity bias when forming beliefs about one®s own 

abilities in a performance situation that is shaped by prior beliefs about the self (self-

esteem) in line with a confirmation bias. With the current task we were able to form 

people®s beliefs about their own abilities within a short period of time. Such beliefs are 

often considered as rather stable and form the basis for human behavior in everyday social 

and professional life. Being able to induce and observe self-related learning processes 

enables us to further disentangle the basic mechanisms underlying the persistence of 

(negative) self-images as well as potential behavioral consequences specifically in 

individuals low in self-esteem or high in social anxiety. Thus, the present findings are of 

high relevance for developmental, educational or clinical applications.  

The LOOP task introduced here has a number of unique features that we believe are 

important to illuminate a wider gamut of learning situations. While past research had 

focused on feedback on highly valued and difficult to change aspects of the self, our task 

explores learning in changeable and relatively neutral domains. The online performance-

feedback loop suggests that people have an opportunity to directly use feedback to 

improve performance and the novel and neutral content of the task reduces the impact of 

domain specific prior beliefs. We are curious if the observed negativity bias would hold 

over a variety of self-related performance tasks that suggest an immediate opportunity to 

improve. We believe that by challenging the generalizability of the positivity bias the 

current study points to the importance of situational, motivational, and interindividual 

factors in self-related belief formation. While overly negative distortions of self-related 

learning might have far-reaching consequences for decisions that are crucial for everyday 

life our finding might also encourage a discussion about the value of recognizing personal 

failures as a prerequisite for improvement. Taking into account that much of what people 

believe is biased or even wrong (Hilbert, 2012), such intellectual humility (Leary et al., 

2017) to focus on one®s shortcoming or even ¯stupidity° (Schwartz, 2011) have recently 

been coined as key components for progress in research and likely a lot of other areas of 

life. 
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2.5 Materials and Methods 

Participants. The study was approved by the ethics committee of the University of Lübeck 

(AZ 16-315, AZ 17-220), has been conducted in compliance with the ethical guidelines 

of the American Psychological Association (APA), and all subjects gave written informed 

consent. All participants were recruited at the University Campus of Lübeck, were fluent 

in German, and had normal or corrected-to-normal vision. All participants received 

monetary compensation for their participation in the study. Across all three experiments 

seven subjects were excluded after participation because they did not believe the cover-

story of the task. For the first experiment we initially recruited 26 participants and included 

24 (12 female, aged 20-31 years; M = 23.75; SD = 3.22). For the second experiment we 

initially recruited 64 subjects and included 61, who were randomly assigned to either a 

Private or a Public social context group. The Private group consisted of 30 participants 

(20 female, aged 18-32 years; M = 22.27; SD = 3.01), the Public group of 31 participants 

(22 female, aged 19-32 years; M = 22.58; SD = 2.69). For the third experiment we initially 

recruited 32 participants and included 30 (24 female, aged 18-30 years; M = 21.70; SD 

= 3.33). For details on the sample characteristics see Supplementary Table 2.1. 

General procedure. Learning of own performance task. The Learning of own performance 

(LOOP) task enables participants to incrementally learn about themselves from trial-by-

trial performance feedback in a task testing their own abilities. For this purpose we 

adapted a cognitive estimation task that we implemented in a previous study on the 

induction of embarrassment (Müller-Pinzler et al., 2015). For the LOOP task all 

participants were invited to take part in an experiment on "cognitive estimation". 

Participants needed to estimate properties of different objects (e.g. the height of houses 

or the weight of animals). To make participants learn about their estimation ability, they 

received manipulated performance feedback in two distinct estimation categories. 

Unbeknownst to the participant, one category was arbitrarily paired with High Ability and 

one with Low Ability feedback (e.g. ¯height° of houses = High Ability and ¯weight° of 

animals = Low Ability or vice versa; estimation categories were counterbalanced between 

Ability conditions) independently of the actual responses given by the participants. Thus, 

participants could learn over the course of the experiment that they performed well in one 

estimation category and poorly in the other. Introducing a High and a Low Ability condition 

also increased the variance of positive and negative prediction errors (PEs) and allowed 

us to assess PE valence specific effects. Performance feedback was provided after every 

estimation trial during the task so that participants could use the last feedback in order to 

adapt their predictions of the performance feedback for the next trial of the same 

condition. Importantly, by implementing a continuous performance-feedback-loop 

participants were made to believe that they could utilize the feedback in order to improve 

their cognitive estimation performance, e.g. to increase their efforts following negative 

feedback. Fixed performance feedback sequences were presented for all participants, 

indicating their current estimation accuracy as percentiles compared to an alleged 

reference group of 350 university students who, according to the cover-story, had been 
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tested beforehand (e.g. "You are better than 96% of the reference participants.¯; see 

Figure 2.1A). Participants never received feedback on how close their actual performance 

was to the ¯correct° answer. Presenting estimation accuracies by means of percentiles 

therefore ensured that participants were more likely to believe that the feedback 

represented their actual performance. In the Low Ability condition, feedback was 

approximately normally distributed around the 35th percentile (SD å 16; range 1²60%) 

and in the High Ability condition around the 65th percentile (SD å 16; range 40²99%).  

In the beginning of each trial a cue (CUE) was presented indicating the estimation 

category (e.g. ¯height°, which could correspond to the High Ability condition) and 

participants were asked to indicate their expected performance (EXP) for this trial on the 

same percentile scale used for feedback. Participants were told accurate EXP ratings 

would be rewarded with up to 6 cents per trial, i.e. the better their EXP rating matched 

their actual feedback percentile the more money they would receive, to increase 

motivation and encourage honest response behavior. Following each EXP rating, the 

estimation question was presented for 10 seconds (EST). During the EST period, 

continuous response scales below the pictures determined a range of plausible answers 

for each question, and participants indicated their responses by navigating a pointer on 

the response scale with a computer mouse. Subsequently, feedback (FB) was presented 

for 5 seconds (see Figure 2.1A). All stimuli were presented using MATLAB Release 2015b 

(The MathWorks, Inc.) and the Psychophysics Toolbox (Brainard, 1997). The LOOP 

formed the main frame for all three experiments. The adaptations of the LOOP for each 

experiment are explained below. 

Experiment 1: Agent-LOOP. For the Agent-LOOP two participants were invited at the 

same time. Participants were informed they would take turns with the other participant, 

either performing the task themselves (Self) or observing the other person performing 

(Other). In the beginning of each trial the CUE indicated who®s turn it was (e.g. ¯Thomas° 

or ¯You°) along with the estimation category depicted below (e.g. ¯height°; estimation 

categories were counterbalanced between Ability conditions and Agent conditions (Self 

vs. Other)). Depending on the corresponding condition participants then indicated their 

EXP rating either for their own or the other participant®s performance. At the end of each 

trial, performance feedback was always presented to both participants. Participants thus 

underwent four feedback conditions with 25 trials each (Agent condition (Self vs Other) × 

Ability condition (High Ability vs Low Ability)). Trials of all conditions were intermixed in a 

fixed order with a maximum of two consecutive trials of the same condition.  

Experiment 2: Audience-LOOP. In experiment 2 we implemented another version of the 

LOOP task to assess the impact of the presence of an audience on self-related learning 

in a between-subject design (Figure 2.1C). Participants were invited alone and randomly 

assigned to one of two experimental groups. In the Private group participants completed 

the estimation task as described above all on their own. In the Public group the 

experimenter, who represented the audience, was seated behind the participant and 

observed his/her performance, allegedly in order to assess additional performance 
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characteristics that could not be recorded by the computer. The following part of the 

experiment including the estimation task was executed as described above. For each of 

the two self-related Ability conditions (High Ability vs Low Ability) 30 trials were presented 

intermixed in a fixed order with a maximum of two consecutive trials of the same condition.  

Experiment 3: replication and extension. In experiment 3 we used the Agent-LOOP task 

(experiment 1) and additionally introduced publicity in a more minimal fashion compared 

to the Audience-LOOP (experiment 2). To do so, instead of seating someone behind the 

participants, we simply manipulated the amount of information participants were able to 

see from each other. Thus, all participants were told that they were randomly selected for 

the Public group by the computer (i.e. being observed), while allegedly the other 

participant was in the Private condition (i.e. being the observer). Like in the Agent-LOOP 

in experiment 1, participants were only able to see the other participant®s performance 

feedback, but were told that their EXP ratings were made public for the other participant. 

This minimal change in the paradigm was expected to make participants experience being 

observed by and exposed to the other®s judgement, while at the same time being unable 

to observe and judge the other person equally. This was confirmed by our debriefing 

questionnaire indicating that only 9% of participants in the private Agent-LOOP were 

bothered by the other participant observing their performance while in the public version 

38% reported the same. 

Statistical analysis. Model free behavioral analysis. A model free analysis was performed 

on the participants® EXP ratings for each trial to illustrate the basic effects we see in our 

behavioral data. For the Agent-LOOP task (experiments 1 and 3) a repeated-measures 

ANOVA was calculated with the factors Trial (25 Trials) × Ability condition (High Ability vs 

Low Ability) × Agent condition (Self vs Other). For the Audience-LOOP (experiment 2) we 

calculated a repeated-measures ANOVA with the factors Trial (30 Trials) × Ability 

condition (High Ability vs Low Ability) and Audience (Public vs Private) as a between 

subject factor. Additionally, we collapsed the data of experiments 1 and 3 to replicate and 

extend the conclusions on the impact of the audience on learning about the self and 

another person. The corresponding ANOVA included Audience (Public vs Private) as an 

additional between-subject factor. After model fitting four subjects had to be excluded 

from further analyses. To keep the sample consistent across analyses, model free 

behavioral analyses were also conducted on the reduced sample and results remained 

consistent with those computed on the full sample (see 2.7 Supplementary Results).  

Computational modeling of learning behavior. We modeled dynamic changes in self-

related beliefs for all EXP ratings participants provided in the beginning of each trial in 

response to the provided performance FB using prediction error delta-rule update 

equations (adapted Rescorla-Wagner model; Rescorla & Wagner, 1972; see Figure 2.1B). 

The model space is described in the Results section and depicted in Figure 2.3. In our 

task, Ability condition and PE valence were correlated in the sense that the Low Ability 

condition contained more negative PEs and the High Ability condition more positive PEs, 
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assuming that participants initially expect their own performance to be around the 50th 

percentile. Nevertheless, if the Valence Model won it could be assumed that PE valence 

is the more prominent factor affecting learning rates compared to the Ability condition and 

vice versa.  

In addition to the learning rates we either fitted parameters for the initial belief about the 

own and the other participant®s performance, separately or combined for both ability 

conditions, or used the initial performance expectation ratings as fixed starting values. The 

models presented in the Results section included initial belief parameters for each 

condition separately (see 2.7 Supplementary Methods for a detailed description of the 

complete model space). 

Model fitting. For model fitting we used the RStan package (Stan Development Team, 

2016. RStan: the R interface to Stan. R package version 2.14.1.), which uses Markov 

chain Monte Carlo (MCMC) sampling algorithms. All of the learning models in the model 

space were fitted for each subject in the corresponding experimental group. Posterior 

parameter distributions were sampled for each subject. A total of 2400 samples were 

drawn after 1000 burn-in samples (overall 3400 samples; thinned with a factor of 3) in 

three MCMC chains. We assessed if MCMC chains converged to the target distributions 

by inspecting ̂R values for all model parameters (Gelman & Rubin, 1992). Three subjects 

(n = 1 for each of the experiments) were excluded because at least one model parameter 

had R̂ values exceeding 1.1 indicating non-convergence of the MCMC chains, which was 

confirmed by visual inspection. An additional subject was excluded after visual inspection 

due to implausible model parameters, i.e. mean learning rate of 1, which was more than 

10 standard deviations above average (experiment 2). Effective sample sizes (neff) of 

model parameters, which are estimates of the effective number of independent draws 

from the posterior distribution, were typically greater than 1000 (>1300 for most 

parameters). Posterior distributions for all parameters for each of the subjects were 

summarized by their mean as the central tendency resulting in a single parameter value 

per subject that we used in order to calculate group statistics. Using the median lead to 

similar conclusions.  

Bayesian model selection and family inference. In order to select the model that most likely 

guided the participants® updating behavior, as a first step, we estimated pointwise out-of-

sample prediction accuracy for all fitted models separately for each participant by 

approximating leave-one-out cross-validation (LOO; i.e. corresponding to leave-one-trail-

out per subject) as recommended for assessing model fit without introducing penalties for 

model complexity (Acerbi, Dokka, Angelaki, & Ma, 2018; Gelman, Hwang, & Vehtari, 

2014). To do so we applied Pareto-smoothed importance sampling (PSIS) using the log-

likelihood calculated from the posterior simulations of the parameter values as 

implemented by Vehtari et al. (2017). Sum PSIS-LOO scores for each model as well as 

information about Ὧ values ² the estimated shape parameters of the generalized Pareto 

distribution ² indicating the reliability of the PSIS-LOO estimate are depicted in Table 2.1. 
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As summarized in Table 2.1 very few trials resulted in insufficient parameter values for Ὧ 

and thus potentially unreliable PSIS-LOO scores (on average 0.17 trials per subject with 

Ὧ > 0.7, Vehtari et al., 2017). Visual inspection of the corresponding subjects suggested 

that in some cases subjects had provided EXP ratings far away from the current average, 

PSIS-LOO scores for the corresponding trials were, however, mostly within the range of 

the other trials. In order to make sure that these trials would not bias the model selection 

processes, we excluded the PSIS-LOO scores for these trials and repeated the model 

selection procedure replicating our model selection results. Bayesian model selection 

(BMS) on PSIS-LOO scores was performed on the group level accounting for group 

heterogeneity in the model that best describes learning behavior (Rigoux, Stephan, 

Friston, & Daunizeau, 2014). This procedure provides the protected exceedance 

probability for each model (pxp), indicating how likely a given model has a higher 

probability explaining the data than all other models in the comparison set, as well as the 

Bayesian omnibus risk (BOR), the posterior probability that model frequencies for all 

models are all equal to each other (Rigoux et al., 2014). We also provide difference scores 

of PSIS-LOO in contrast to the model that won the BMS that can be interpreted as a 

simple ­fixed-effect® model comparison (see Table 2.1 and Supplementary Tables 2.2 -

2.3; Acerbi et al., 2018; Vehtari et al., 2017). Mostly, model comparisons according to 

PSIS-LOO difference scores were qualitatively comparable to the BMS analyses for our 

data. 

Posterior predictive checks and statistical analyses of learning parameters. First, posterior 

predictive checks were conducted by quantifying if the predicted data could capture the 

variance in EXP ratings for each subject within each of the experimental conditions using 

Regression analyses. Additionally, we repeated the model free analysis we had done on 

the behavioral data with the data predicted by the winning model to assess if the winning 

model captured the core effects in the behavioral data. Additionally, correlations between 

the parameters within the winning model were assessed (see 2.7 Supplementary Results 

and Supplementary Tables 2.4 - 2.6).  

Model parameters, i.e. learning rates, of the winning models for all experiments were 

analyzed on the group level using IBM SPSS Statistics for Windows, Version 22.0 (IBM 

Corp., 2013, Armonk, NY). For the Agent-LOOP in experiment 1 a repeated-measures 

ANOVA was calculated on the learning rates with the factor Agent (Self [ƨPE+(S), ƨPEī(S)] vs 

Other [ƨPE+(S), ƨPEī(S)]) and factor PE Valence (PE+ [ƨPE+(S), ƨPE+(O)] vs PEī [ƨPEī(S), ƨPEī(O)]) 

testing if negative feedback gains a specific weight when learning about the self vs the 

other.  

In the Audience-LOOP we assessed the impact of the social context, i.e. the presence of 

an evaluative audience, on self-related belief updating and its interaction with social 

anxiety. Here, an ANOVA was implemented with PE Valence (PE+ [ƨPE+] vs PEī [ƨPEī]) as 

a within-subject factor and Audience (Public vs Private) as a between subject factor.  

For experiment 3, as for the Agent-LOOP in experiment 1, a repeated-measures ANOVA 

was calculated on the learning rates with the factors Agent and PE Valence. Additionally, 
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we collapsed the learning rates of experiments 1 and 3 to directly test the impact of the 

audience on learning about the self and another person. We thus implemented another 

ANOVA including Audience (Public vs Private) as an additional between-subject factor. 

To investigate the associations of learning biases with the subjective prior sense of self-

esteem, i.e. SDQ-III scores (available for experiment 1 and 3), as well as social anxiety, 

i.e. SIAS scores, we calculated a normalized learning rate Valence Bias Score for self-

related learning (Valence Bias Score = (ƨPE+(S) ī ƨPEī(S))/(ƨPE+(S) + ƨPEī(S))) and similarly for 

other-related learning (Niv et al., 2012; Palminteri et al., 2017). Pearson correlations were 

calculated between Valence Bias Score and personality traits. Context specific effects of 

social interaction anxiety on self- vs other-related updating behavior were assessed by 

contrasting correlations between the public and private groups. For all three experiments 

we additionally tested if the Valence Bias Score was suitable to capture interindividual 

differences in how subjects changed their beliefs about themselves over time by 

calculating partial correlations between Valence Bias Scores and the average of the last 

two EXP ratings for both ability conditions controlling for the average of the first two EXP 

ratings for both ability conditions. 

Finally, cumulative Bayesian analyses (using JASP Version 0.9, ASP Team, 2018) were 

implemented collapsing the data for all experiments in order to assess the overall evidence 

for self-related learning biases as well as associations of such learning biases with social 

anxiety and self-esteem. Here, we first assessed the impact of the audience on each of 

the effects. A Bayesian ANOVA with the factors PE Valence and Audience was thus 

calculated on the learning rates and Bayesian linear regressions of personality traits and 

Valence Bias Scores were calculated including the factor Audience and the interaction of 

Audience and personality traits. Effect sizes for self-related learning biases were then 

calculated using Bayesian t-tests on the learning rates and Bayesian correlations were 

calculated to assess the associations of learning biases with personality traits. In case 

there was evidence for an audience effect, effect sizes were calculated separately for the 

Public and the Private group. 
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2.7 Supplementary Information 

Supplementary Methods 
 

Further information on the experimental procedure. 

For the Agent-LOOP (experiments 1 and 3) both participants arrived at the same time, 

were led to the same room and instructed about the task by the experimenter. After 

signing the informed consent forms, they went to separate rooms to fill out demographic 

and self-esteem questionnaires and to practice the estimation task. Each room was 

equipped with a desktop computer and participants were told that the two computers 

were connected. While the other participant completed the estimation question, 

participants could see the estimation question, but not the answer given by the other 

participant. For the private version of the Agent-LOOP the EXP rating was private as well 

and could not be seen by the other participant. 

For all three experiments participants were asked to fill in personality questionnaires and 

a post-experimental questionnaire. Before leaving, all participants received compensation 

for their participation, including an additional 6 cents per trial promised for ¯accurate° EXP 

ratings, and were debriefed about the study. The total duration of the experiments, 

including post-experiment questionnaires, was 1.5 to 2 hours. 

The sample recruited for experiment 2 was part of another project assessing the impact 

of stress on self-related learning. All participants therefore completed a simple reading 

task prior to the estimation task, which served as a control condition for a stress task. This 

took approximately 45 minutes and during the whole task period cortisol samples were 

collected.  

Detailed information on the model space. 

To see whether a learning model can capture the participants® behavior and allows us to 

summarize the data using principled parameters such as learning rates, we performed a 

model comparison (see Figure 2.3). Our model space contained three main models 

varying with regards to their assumptions about biased updating behavior when learning 

about the self (see Figure 2.3). The simplest learning model used one single learning rate 

for the whole behavioral time course for each participant, thus not assuming any learning 

biases [EXPt+1 = EXPt + ƨUni PEt , while PEt = FBt - EXPt; Unity Model]. The second model, 

the Ability Model, contained a separate learning rate for each of the ability conditions, 

assuming that participants would show different updating behavior in the High Ability 

condition (ƨHA) vs Low Ability condition (ƨLA). The third model, the Valence Model, included 

separate learning rates for positive PEs (ƨPE+) vs negative PEs (ƨPE-) across both ability 

conditions, thus suggesting that the valence (positive vs negative) of the PE biases self-

related learning rather than the ability condition itself. In the Agent-LOOP task 

(experiments 1 and 3) the distinction between learning about oneself vs another person 

was introduced as a second factor in the model space resulting in three additional models. 

Model 4 corresponded to the Unity Model with separate learning rates for the self (ƨUni(S)) 

and the other person (ƨUni(O)). Model 5 was the extension of the Ability Model distinguishing 

between learning about the self (ƨHA(S), ƨLA(S)) and the other person (ƨHA(O), ƨLA(O)), resulting 
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in four different learning rates. Model 6 extended the Valence Model by separate learning 

rates for oneself (ƨPE+(S), ƨPE-(S)) and the other person (ƨPE+(O), ƨPE-(O)).  

All models in the complete model space not only differed with regard to the learning rates 

as described in the main manuscript but also with regard to the initial belief about the own 

and the other participant®s performance. In addition to the learning rates for all 3/ 6 

learning models described in the main manuscript we either fitted parameters for the initial 

belief about the own and the other participant®s performance, separately (Models 1-3 for 

the Audience-LOOP and Models 1-6 for the Agent-LOOP) or combined for both ability 

conditions (Models 5-7 for the Audience-LOOP and Models 8-13 for the Agent-LOOP), 

or used the initial performance expectation ratings as fixed starting values (Models 8-10 

for the Audience-LOOP and Models 14-19 for the Agent-LOOP), resulting in 18 learning 

models for experiments 1 and 3, and 9 learning models for experiment 2.  

To test if the participants® EXP ratings could be better explained in terms of prediction 

error learning as compared to stable assumptions in each ability condition, we included a 

simple Mean Model with a mean value for each task condition. The Mean Models were 

numbered Model 4 for the Audience-LOOP und Model 7 for the Agent-LOOP to keep the 

numbering in the main manuscript consitent. For the Audience-LOOP one mean value for 

the High Ability condition was estimated and one for the Low Ability condition. For the 

Agent-LOOP four mean values were estimated for the Agent (Self vs Other) x Ability 

condition (High vs Low). PSIS-LOO scores for all models are reported in Supplementary 

Tables 2.2 and 2.3. 

Supplementary Results 
 

Additional model free behavioral analyses. 

The combined analysis of the public and private Agent-LOOP (experiment 1 and 3) 

confirmed the results of the Audience-LOOP by showing that Audience did not have any 

significant effects also with regards to the additional Agent condition (main effect of 

Audience: F(1,50) = 0.61, p = .439; Audience x Ability condition: F(1,50) = 0.53, p = .472; 

Audience x Agent condition: F(1,50) = 0.31, p = .581; Audience x Ability condition x Agent 

condition: F(1,50) = 0.61, p = .440; Audience x Ability condition x Trial: F(24,1200) = 0.47, p = 

.987; Audience x Agent condition x Trial: F(24,1200) = 0.76, p = .794; Audience x Ability 

condition x Agent condition x Trial: F(24,1200) = 0.65, p = .903). The remaining effects stayed 

consistent with the separate analyses of experiment 1 (main effect Ability condition: F(1,50) 

= 386.16, p < .001; Trial x Ability condition: F(24,1200) = 66.55, p < .001; main effect of Agent 

condition: F(1,50) = 32.09, p < .001; Agent condition x Ability condition: F(1,50) = 6.97, p = 

.011; Trial x Agent condition x Ability condition interaction: F(24,1200) = 1.43, p = .083).  

Model free behavioral analyses on the extended sample. 

We replicated the model free behavioral analysis on the EXP ratings including the four 

participants that had been excluded after model fitting and the results matched the results 

of the smaller sample. For the Agent-LOOP in experiment 1 the Trial x Ability condition x 

Agent condition ANOVA again revealed a significant main effect of Ability condition (F(1,23) 

= 225.68, p < .001) and Agent condition (F(1,23) = 17.60, p < .001) and interactions of Trial 
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x Ability condition (F(24,552) = 31.12, p < .001) and Agent condition x Ability condition (F(1,23) 

= 5.42, p = .029). For the Audience-LOOP (experiment 2) we also found a significant main 

effect of Ability condition (F(1,59) = 262.9, p < .001) and interaction of Trial x Ability condition 

(F(29,1711) = 42.66, p < .001), while there was no significant impact of the Audience on EXP 

ratings (main effect of Audience: F(1,59) = 0.20, p = .655; Audience x Ability condition: F(1,59) 

= 0.32, p = .571; Audience x Ability condition x Trial: F(29,1711) = 1.08, p = .357). For the 

public version of the Agent-LOOP in experiment 3 the results including all participants also 

stayed the same (main effect of Ability condition: F(1,29) = 194.68, p < .001; Agent 

condition: F(1,29) = 20.24, p < .001; interaction of Trial x Ability condition: F(24,672) = 39.92, p 

< .001; no significant interaction of Agent condition x Ability condition: F(1,29) = 2.19, p = 

.149). The results of the combined analysis of the public and private Agent-LOOP 

(experiment 1 and 3) stayed the same as well (main effect Ability condition: F(1,52) = 406.92, 

p < .001; Trial x Ability condition: F(24,1248) = 69.02, p < .001; main effect of Agent condition: 

F(1,52) = 35.52, p < .001; Agent condition x Ability condition: F(1,52) = 7.72, p = .008; Trial x 

Agent condition x Ability condition interaction: F(24,1248) = 1.34, p = .126; Audience related 

effects: main effect of Audience: F(1,52) = 0.61, p = .439; Audience x Ability condition: F(1,52) 

= 0.27, p = .607; Audience x Agent condition: F(1,52) = 0.49, p = .488; Audience x Ability 

condition x Agent condition: F(1,52) = 0.82, p = .370; Audience x Ability condition x Trial: 

F(24,1248) = 0.52, p = .975; Audience x Agent condition x Trial: F(24,1248) = 0.72, p = .836; 

Audience x Ability condition x Agent condition x Trial: F(24,1248) = 0.73, p = .825). 

Posterior predictive checks: Behavioral analyses on the predicted data. 

To assess whether our winning model captured the core effects in our model free analysis, 

we let the parametrized winning model predict the time course of EXP for each participant, 

and compared these model predictions against the actual data (see Figure 2.2). Figure 

2.2 visually confirms the ability of the model to capture the observed data despite its small 

number of parameters. We repeated the behavioral analyses we had done on the actual 

behavioral data on the predicted data. For the Agent-LOOP in experiment 1 the Trial x 

Ability condition x Agent condition ANOVA on the predicted data revealed a significant 

main effect of Ability condition (F(1,22) = 273.80, p < .001) and an interaction of Trial x Ability 

condition (F(24,528) = 199.29, p < .001). Again, there was no significant interaction of Trials 

x Agent condition x Ability condition (F(24,528) = 0.72, p = .838) but the main effect of Agent 

condition (F(1,22) = 17.09, p < .001) and the Agent condition x Ability condition interaction 

(F(1,22) = 5.40, p = .030) confirmed the negative bias for self- vs other-related evaluations 

we found in the behavioral data. For the Audience-LOOP (experiment 2) we also found a 

significant main effect of Ability condition (F(1,57) = 305.45, p < .001) and interaction of Trial 

x Ability condition (F(29,1653) = 210.43, p < .001) indicating that the participants® belief 

updating was reflected in the predicted data, while there was no significant impact of the 

Audience on EXP ratings (main effect of Audience: F(1,57) = 0.07, p = .789; Audience x 

Ability condition: F(1,57) = 0.62, p = .436; Audience x Ability condition x Trial: F(29,1653) = 1.23, 

p = .187). For the public version of the Agent-LOOP in experiment 3 the results of the 

predicted data were also comparable to the actual behavioral data (main effect of Ability 

condition: F(1,28) = 222.63, p < .001; interaction of Trial x Ability condition: F(24,672) = 227.63, 
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p < .001; main effect of Agent condition: F(1,28) = 20.02, p < .001; no significant interaction 

of Agent condition x Ability condition: F(1,28) = 1.19, p = .285; and no Trial x Agent condition 

x Ability condition: F(24,528) = 0.06, p>.999). Repeating the behavioral analysis we had done 

on the model free data onto the predictions thus confirmed that it recapitulates the 

tendency towards more negative performance expectations for the other that was core to 

our data.  

Additional results on learning rates and parameter correlations. 

Across all experiments learning rates were significantly greater than zero (all ps < .001) 

indicating that, as intended, participants updated their self-related expectations 

according to the provided feedback (see also Figure 2.4). This is supported by model 

comparisons favoring the learning models over the Mean Model that does not assume 

prediction error learning during the experiments (see Supplementary Tables 2.2 and 

2.3). 

We calculated Pearson correlations between the parameters within the winning model 

and for each of the experiments and found no significant correlations between learning 

rates and starting values (p>.05, with p-values corrected for multiple comparisons: p = 

.05/28 = .002 (Agent-LOOP; experiment 1/ 3) and p = .05/6 = .008 (Audience-LOOP). 

This suggests that learning rates were neither strongly biased nor restricted by 

participants® estimated EXP starting level and starting levels alone are unlikely to explain 

interindividual differences in learning behavior. Learning rates were positively correlated 

within the winning model, specifically learning rates within the Self and the Other condition 

(see Supplementary Tables 2.4-2.6), which makes it unlikely that differences in learning 

rates between positive and negative PEs would be induced by anti-correlations induced 

by the model fitting procedure.  
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Supplementary Tables 
 

Supplementary Table 2.1. Sample characteristics  
  

 Experiment 1 
 Experiment 2   

Experiment 3  Private  Public  

Mean SD   Mean SD   Mean SD   Mean SD 
             

Age  23.75 3.22  
22.24 3.05 

 
22.58 2.69 

 
21.70 3.33 

Self-esteem 6.09 0.89        6.01 0.89 

SIAS 2.04 0.47  1.97 0.55  2.01 0.49  2.01 0.52 
                          

Note. Sample characteristics for the three experiments. SD = standard deviation; SIAS = averaged 

score on the Social Interaction Anxiety Scale; Experiment 1: N=24; Experiment 2: N(Private)=30; 

N(Public)=31; Experiment 3: N=30. 
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Supplementary Table 2.2. Model comparisons for the Agent-LOOP task 

Model LOO LOO-SE 
LOO-Diff (SE-

Diff)  

 % of        

k⅞ > 0.7  

No. Est. 

Parameters 

        

Learning Models 
     

 Estimated IV for Self vs Other x High vs Low Ability 
 

 

 Self = Other     
 

  Unity Model (M1) -2380.1 247.8 135.4 (63.7) 0.1 5 

  Ability Model (M2) -2336.5 261.5 91.7 (42.4) 0.3 6 

  Valence Model (M3) -2320.5 259.0 75.7 (49.4) 0.2 6 

 Self Í Other      

  Unity Model (M4) -2376.2 254.8 131.5 (54.6) 0.4 6 

  Ability Model (M5) -2330.7 263.3 85.9 (42.8) 1.2 8 

  Valence Model (M6) -2244.8 283.5 - 0.3 8 

 Estimated IV for Self vs Other across ability conditions   

 Self = Other      

  Unity Model (M8) -2516.4 237.8 271.6 (88.5) 0.0 3 

  Ability Model (M9) -2409.8 241.9 165.0 (69.6) 0.1 4 

  Valence Model (M10) -2428.1 244.6 183.3 (73.0) 0.0 4 

 Self Í Other      

  Unity Model (M11) -2440.9 237.0 196.1 (87.5) 0.1 4 

  Ability Model (M12) -2363.5 250.3 118.8 (63.3) 0.8 6 

  Valence Model (M13) -2232.7 261.7 -12.1 (32.2) 0.1 6 

 Fixed IV      

 Self = Other      

  Unity Model (M14) -2943.3 244.4 698.5 (126.4) 0.0 1 

  Ability Model (M15) -2763.9 240.5 519.1 (106.9) 0.1 2 

  Valence Model (M16) -2765.2 247.9 520.5 (101.5) 0.0 2 

 Self Í Other      

  Unity Model (M17) -2840.0 249.4 595.3 (109.8) 0.1 2 

  Ability Model (M18) -2566.4 251.5 321.7 (78.3) 0.6 4 

  Valence Model (M19) -2453.8 270.3 209.0 (51.7) 0.1 4 

        
No Learning      

 
 

Mean Model (M7) -2953.6 190.3 708.9 (123.3) 0.0 4 

        
Note. LOO = sum PSIS-LOO, approximate leave-one-out cross-validation (LOO) using Pareto-

smoothed importance sampling (PSIS); LOO-SE = Standard error of PSIS-LOO; LOO-Diff (SE-Diff) 

= Difference in expected predictive accuracy (PSIS-LOO) for all models from the model with the 

highest PSIS-LOO (Valence Model) and standard errors of differences; percentage of kd - estimated 

shape parameters of the generalized Pareto distribution - exceeding 0.7 (all according to Vehtari et al. 

2017); No. Est. Parameters = number of estimated parameters in the model. IV = initial parameter 

values for the performance expectations. 
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Supplementary Table 2.3. Model comparisons for the Audience-LOOP task 

Model PSIS-LOO LOO-SE 
LOO-Diff 

(SE-Diff)  

% of        

k⅞>0.7  

No. Est. 

Parameters 

        

Learning Models 
     

Estimated IV for High vs Low Ability    

  Unity Model (M1) -708.2 145.1 213.1 (35.8) 0.1 3 

  Ability Model (M2) -570.2 150.0 75.0 (26.8) 0.3 4 

  Valence Model (M3) -495.2 150.9 - 0.1 4 

Estimated IV across ability conditions   

  Unity Model (M5) -943.0 134.6 447.9 (79.9) 0.0 2 

  Ability Model (M6) -733.6 141.4 238.5 (57.7) 0.2 3 

  Valence Model (M7) -623.6 142.9 128.5 (61.2) 0.1 3 

Fixed IV    

  Unity Model (M8) -1387.9 177.5 892.8 (149.6) 0.0 1 

  Ability Model (M9) -1177.8 206.4 682.7 (170.9) 0.7 2 

  Valence Model (M10) -975.8 163.8 480.6 (107.4) 0.0 2 

        

No Learning      

 
 

Mean Model (M4) -1189.5 124.9 694.4 (61.3) 0.0 2 

               

Note. LOO = sum PSIS-LOO, approximate leave-one-out cross-validation (LOO) using Pareto-

smoothed importance sampling (PSIS); LOO-SE = Standard error of PSIS-LOO; LOO-Diff (SE-Diff) 

= Difference in expected predictive accuracy (PSIS-LOO) for all models from the model with the 

highest PSIS-LOO (Valence Model) and standard errors of differences; percentage of kd - estimated 

shape parameters of the generalized Pareto distribution - exceeding 0.7 (all according to Vehtari et al. 

2017); No. Est. Parameters = number of estimated parameters in the model. IV = initial parameter 

values for the performance expectations. 

 

Supplementary Table 2.4. Parameter Correlations for Experiment 1 

  Model Parameter 
   IV

S+
 IV

S-
 IV

O+
 IV

O-
 Ŭ

PE+(S)
 Ŭ

PE-(S)
 Ŭ

PE+(O)
 Ŭ

PE-(O)
 

M
o
d
e
l
 
P
a
r
a
m
e
t
e
r

 

IV
S+
 

  .31 .12 .26 .06 .12 .08 
IV
S-
 .40  .11 .31 .20 .20 .15 .17 

IV
O+

 .31 .11  -.02 .11 .06 .16 .33 
IV
O-
 .12 .31 -.02  .00 -.02 -.15 -.11 

Ŭ
PE+(S)

 .26 .20 .11 .00   .67* .71* .74* 
Ŭ
PE-(S)

 .06 .20 .06 -.02 .67*   .62* .82* 
Ŭ
PE+(O)

 .12 .15 .16 -.15 .71* .62*   .84* 
Ŭ
PE-(O)

 .08 .17 .33 -.11 .74* .82* .84*   
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Supplementary Table 2.5. Parameter Correlations for Experiment 2 

 

 Model Parameter 

 Private  Public 
            

M
o

d
e
l 
P

a
ra

m
e

te
r 

  IV
+
 IV

-
 ŬPE+(S) ŬPE-(S)    IV

+
 IV

-
 ŬPE+(S) ŬPE-(S) 

IV
+
   .64* .35 .14  

IV
+
 

 .30 .02 -.14 

IV
-
 .64*   .30 .21  

IV
-
 .30  .07 -.05 

ŬPE+ .35 .30   .66*  ŬPE+ .02 .07   .72* 

ŬPE- .14 .21 .66*    ŬPE- -.14 -.05 .72*   

           
 

 

 

Supplementary Table 2.6. Parameter Correlations for Experiment 3 
 

  Model Parameter 
   IV

S+
 IV

S-
 IV

O+
 IV

O-
 Ŭ

PE+(S)
 Ŭ

PE-(S)
 Ŭ

PE+(O)
 Ŭ

PE-(O)
 

M
o
d
e
l
 
P
a
r
a
m
e
t
e
r

 

IV
S+
 

 .04 .21 -.15 -.27 -.36 .14 -.02 
IV
S-
 .04  -.37 -.15 .00 -.21 -.21 -.21 

IV
O+

 .21 -.37  -.05 -.13 .19 -.16 -.19 
IV
O-
 -.15 -.15 -.05  .03 -.07 -.07 .16 

Ŭ
PE+(S)

 -.27 .00 -.13 .03   .65* .49 .46 
Ŭ
PE-(S)

 -.36 -.21 .19 -.07 .65*   .30 .31 
Ŭ
PE+(O)

 .14 -.21 -.16 -.07 .49 .30   .84* 
Ŭ
PE-(O)

 -.02 -.21 -.19 .16 .46 .31 .84*   

Note. Parameter correlations for the three experiments. The correlation tables include the initial 

parameter values for the performance expectations (IV) in the high ability condition (IV+) and for the 

low ability condition (IV-) and learning rates (Ŭ) for positive prediction errors (ŬPE+) and for negative 

prediction errors (ŬPE-). For experiments 1 and 3, as depicted in Table S4 and S6, parameters are 

separated for the Self condition (IVS+, IVS-, ŬPE+(S), ŬPE-(S)) and the Other condition (IVO+, IVO-, ŬPE+(O), 

ŬPE-(O)). * indicates correlations with p-values < .05, corrected for multiple comparison as described 

above. 

   



3 Study 2 

Neurocomputational mechanisms of affected beliefs2 

3.1 Abstract 
The feedback people receive on their behavior shapes the process of belief formation and 

self-efficacy in mastering a particular task. However, the neural and computational 

mechanisms of how the subjective value of self-efficacy beliefs, and the corresponding 

affect, influence the learning process remain unclear. We investigated these mechanisms 

during self-efficacy belief formation using fMRI, pupillometry, and computational modeling, 

and by analyzing individual differences in affective experience. Biases in the formation of 

self-efficacy beliefs were associated with affect, pupil dilation, and neural activity within 

the anterior insula, amygdala, ventral tegmental area/ substantia nigra, and mPFC. 

Specifically, neural and pupil responses mapped the valence of the prediction errors in 

correspondence with individuals® experienced affective states and learning biases during 

self-efficacy belief formation. Together with the functional connectivity dynamics of the 

anterior insula within this network, our results provide evidence for neural and 

computational mechanisms of how we arrive at affected beliefs. 

 

 

 

 

 

 

 

 

 

 

 

 

 

________________________ 

2 This study has been published as: Müller-Pinzler, L., Czekalla, N., Mayer, A. V., Schröder, A., Stolz, 

D. S., Paulus, F. M., & Krach, S. (2022). Neurocomputational mechanisms of affected beliefs. 

Communications Biology, 5(1), 1241.  

My contribution: designing the research, data acquisition, discussion of the data analyses and 

interpretation of the results, and review and editing of the manuscript.   
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3.2 Introduction 
Self-efficacy can be defined as a person's subjective conviction that he/she can overcome 

challenging situations through his/her own actions (Bandura, 1977). To successfully 

perform goal-directed actions, humans must learn from incoming information, thereby 

forming beliefs about the world and about themselves enmeshed in this world. According 

to economic theory, learning should result in accurate beliefs that represent an internal 

model of the world that is suitable to inform decision making. Novel theoretical 

frameworks, among others by Bromberg-Martin and Sharot (Bromberg-Martin & Sharot, 

2020), emphasize that besides the instrumentality (i.e. accuracy) of beliefs, they may also 

carry intrinsic value in and of themselves, thus shaping the learning process and how 

people ultimately arrive at their beliefs (Sharot & Garrett, 2016). In this regard, affective 

states, such as happiness about one®s own good health prognosis, represent intrinsic 

values that individuals are inclined to optimize during belief formation (Bromberg-Martin & 

Sharot, 2020; Hughes & Zaki, 2015). To demonstrate this entanglement of affect and 

belief formation, we applied a learning task that induces affective reactions during the 

process of forming conceptually novel beliefs about one®s abilities to master a task 

(Czekalla et al., 2021; Laura Müller-Pinzler et al., 2019). Specifically, we focused on the 

primary affective states elicited by self-efficacy beliefs ² the self-conscious emotions of 

embarrassment and pride ² and their impact on the beliefs. By exerting experimental 

control over failures and successes during the process of self-efficacy belief formation, we 

were able to assess how experienced affect relates to computational mechanisms of belief 

formation and the underlying activity of neural systems, linking neural and physiological 

mechanisms with shifts in preferences for information of positive or negative valence 

during learning.  

Affective states are considered to guide cognitive processing, representing embodied and 

experiential information about the positive or negative value of what people encounter 

(Frijda, 1987; Storbeck & Clore, 2008). It is proposed that this internal affective 

information is integrated with external information to shape beliefs that rather than being 

objective, are motivated and biased by subjective feelings about the beliefs themselves, 

leading to a recursive influence of beliefs and affective states on each other (Bromberg-

Martin & Sharot, 2020; Kunda, 1990; Loewenstein, 2006). Previous studies supported 

aspects of Bromberg-Martin and Sharot®s framework (Bromberg-Martin & Sharot, 2020) 

by demonstrating that internal beliefs and external feedback can elicit emotions like 

happiness, pride, or embarrassment (Cecchi et al., 2022; Müller-Pinzler et al., 2015; 

Rutledge et al., 2016, 2014; Stolz et al., 2020; Vinckier et al., 2019, 2018). Affective states 

also have been shown to alter decision making (Charpentier, De Martino, et al., 2016; 

Charpentier, De Neve, et al., 2016; Stolz et al., 2020) and cognitive processes like 

situational judgments or learning styles (Storbeck & Clore, 2008). Social anxiety, low self-

esteem, or depression, which are likely associated with more negative affective reactions 

to self-efficacy beliefs, have also been found to bias social learning (Koban et al., 2017; 

Korn et al., 2014; Müller-Pinzler et al., 2019; Will et al., 2020). These findings provide 

support for the overall rationale of the formation of affected beliefs, that is, the notion that 
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beliefs are fundamentally shaped by motivational biases as well as affective experiences 

during feedback processing. However, the question remains open of which 

neurophysiological mechanisms can explain how emotions elicited during learning are 

associated with biases in belief formation. 

Neuroscientific studies provided initial evidence that common brain areas map the value 

of stimuli, actions, and their motivational relevance during social and non-social learning 

and decision making (Chib et al., 2009; Ruff & Fehr, 2014). Prediction errors, that is, the 

mismatch of prior expectation and a situation®s outcome, are minimized by updating 

beliefs during learning. These are generally processed in the dopaminergically innervated 

ventral striatum, but also in the orbitofrontal cortex or the amygdala during learning (King-

Casas et al., 2005; O®Doherty, 2004; Ruff & Fehr, 2014; Schultz et al., 1997). However, 

more recent findings suggest that there are distinct and unique neural computations which 

potentially reflect the impact of the prominent motivational and emotional processes 

during belief formation. For example, studies have shown that distinct value-related neural 

processes in subregions of the anterior cingulate cortex (ACC) are recruited depending 

on whether information about oneself or another agent is processed (Lockwood et al., 

2016; Lockwood & Wittmann, 2018). Other findings revealed that activation in the ventral 

striatum was modulated when the social context changed from a private to a public 

situation, suggesting that the presence or absence of other people influenced the 

sensitivity to the reward value of certain decisions (Izuma et al., 2010). Biases specific to 

self-related learning, which are absent when one is learning about another person 

(Kuzmanovic et al., 2016; Müller-Pinzler et al., 2019), have been associated with 

differences in the tracking of negative prediction errors (Sharot et al., 2011). In this regard, 

the ventromedial prefrontal cortex (vmPFC) shows valence-specific encoding of self-

related feedback, which has been shown to predict an optimism bias in belief updating 

(Kuzmanovic et al., 2016, 2018).  

Affective states triggered after personal failures or successes are particularly important 

when people acquire novel self-concepts (Hopkins et al., 2021) and develop an initial 

understanding of themselves as being self-efficacious individuals in a novel task 

environment. Central to the entanglement of affect and such self-efficacy beliefs is the 

assumption that people are highly motivated to perform well and maintain or even 

construct a positively shaped self-image (Markus & Wurf, 1987; Sedikides & Gregg, 

2008). Within this process, performance feedback elicits self-conscious emotions, such 

as pride in the case of success (Stolz et al., 2020; Tangney et al., 2007; Williams & 

DeSteno, 2008), but also embarrassment if one fails to achieve the expected outcome 

(Miller, 1996; Müller-Pinzler et al., 2015; Tangney et al., 2007). Self-conscious emotions 

differ from other emotional concepts as they essentially involve self-referential evaluations 

and the activation of self-concepts (Tangney et al., 2007). Thus, when it comes to 

emotional experiences in the context of a performance situation, pride or embarrassment 

are theoretically more valid constructs to capture differences in affective experiences than 

e.g., the basic emotion happiness. In the past, it has been demonstrated that these self-

conscious emotions are not only a consequence of the situation but also directly affect 
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behavior. Pride experiences function as a motivator to persevere (Williams & DeSteno, 

2008). In contrast, embarrassment experiences rather lead individuals to stop their 

current behavior, withdraw, and appease others (Apsler, 1975; Feinberg et al., 2012). For 

the process of belief formation, it has been argued that specifically the dorsomedial frontal 

cortex (dMFC), the ventral and dorsal anterior insula (vAI/ dAI), and the amygdala, brain 

areas involved in action monitoring as well as emotional processing, integrate affective 

states with outcome information (Koban & Pourtois, 2014). Therefore, the anterior insula 

(AI) has been regarded, among other brain regions, as an integrative hub for motivated 

cognition and emotional behavior (Koban & Pourtois, 2014; Wager & Barrett, 2017). 

Similarly, dopaminergic midbrain nuclei in the ventral tegmental area and substantia nigra 

(VTA/ SN) are associated with attention processes, and at the same time, with events (i.e. 

reward cues) that are of motivational relevance specifically during learning (Adcock et al., 

2006; Schultz, 1998). 

While current frameworks support the idea that intrinsic outcomes such as affective states 

may impact the formation of self-efficacy beliefs (Bromberg-Martin & Sharot, 2020; 

Hughes & Zaki, 2015), studies on this issue have not yet probed this framework as a 

whole. We aim to bridge this gap by showing how emotional states relate to biases in the 

formation of self-efficacy beliefs, and how they are associated with preferences for 

information of positive or negative valence. For this purpose, we tested the effects of 

individual differences in the affective reactions during learning. Using trial-by-trial updates 

of performance expectations in a conceptually novel task environment, we computed 

prediction error learning rates by fitting computational learning models revealing valence-

specific learning biases. As predicted by current frameworks, individual differences in the 

experience of the emotions embarrassment and pride were distinctly related to biases in 

the formation of self-efficacy beliefs. Biased learning and affect were jointly related to the 

neural processing of valence-specific prediction errors in the AI, amygdala, VTA/ SN and 

mPFC as well as pupillary reactivity in favor of the preferentially used information to update 

the belief. Increases in valence-specific functional connectivity of the dAI with the 

amygdala, VTA/ SN and mPFC support the notion of an integrative mechanism of affective 

and motivational processes within the dAI (Kelly et al., 2012; Kurth et al., 2010). These 

findings provide insights into brain networks involved in computational biases associated 

with emotional experiences, and coherently support current theoretical frameworks 

integrating affective experiences in the process of belief formation. 

3.3 Results 
 

Measuring self-efficacy belief formation 

In the present experiment, n = 39 subjects (26 females, aged 18-28 years; M = 22.3; SD 

= 2.65) completed the task in the MRI. Another n = 30 subjects (24 females, aged 18-32 

years; M = 23.3; SD = 3.97) completed the task outside the MRI as a behavioral study. 

During the MRI scanning, eye-tracking data was additionally obtained in all but three 

subjects (see 3.5 Methods for more details). To examine the formation of self-efficacy 

beliefs we used the Learning Of Own Performance (LOOP) task (Czekalla et al., 2021; 
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Laura Müller-Pinzler et al., 2019).  

In brief, in the LOOP task participants are asked to estimate specific characteristics of 

properties (e.g., heights of buildings, weights of animals, numbers of things, or distances 

between objects). By manipulating the performance feedback, participants are led to form 

novel beliefs on their own and the other person®s cognitive estimation abilities. In the fMRI 

sample, participants perform the LOOP task in the MRI scanner while a confederate 

(presented as another participant) ostensibly performs the task simultaneously in an 

adjacent room. After each trial, participants receive a manipulated performance feedback 

for the last estimation (see Figure 3.1a). During the entire experiment, participants take 

turns in performing the estimation task themselves (Self condition) or observing the other 

participant performing the task (Other condition). Before each trial, participants are asked 

to rate either their own or the other person®s expected performance for the upcoming trial, 

enabling us to examine the process of self- and other-related belief formation. The design 

of the LOOP task provides a High Ability and a Low Ability condition, resulting in overall 

four feedback conditions: Agent condition (Self vs. Other) x Ability condition (High Ability 

vs. Low Ability; see Figure 3.1b and 3.5 Methods for a detailed description of the task). In 

previous studies, we showed that over time, participants adjusted their expected 

performance ratings according to the feedback, allowing for an assessment of valence-

specific self- and other-related learning processes (Czekalla et al., 2021; Laura Müller-

Pinzler et al., 2019). 

Selection of computational models for self-efficacy belief formation 

Following a model-free behavioral analysis (see Supplementary Note 3.1), we modeled 

the participants® behavior by means of learning rates. Changes in expectations were 

modeled through updates from prediction errors (PEs) to test different learning rates for 

PEs with positive vs. negative valence and Self vs. Other (Supplementary Figure 3.1 and 

Supplementary Figure 3.2). In line with our previous studies, the winning model was a 

Valence Model, including separate learning rates for positive and negative PEs for Self vs. 

Other (Model 8; for a more detailed description of this model and the whole model space, 

see 3.5 Methods). This model received the highest sum PSIS-LOO score (approximate 

leave-one-out cross-validation (LOO) using Pareto smoothed importance sampling (PSIS, 

Vehtari et al., 2016) out of all models (for all PSIS-LOO scores see Supplementary Table 

3.1). In addition, Bayesian model selection (BMS) resulted in a protected exceedance 

probability of pxp > .999 for this model and a Bayesian Omnibus Risk of BOR < .001. The 

expected model frequency was 46.53. Thus, the extended Valence Model was selected 

for all further analyses of learning parameters, allowing for a comparison of valence-

specific learning rates. The time courses of performance expectation ratings predicted by 

our winning model successfully captured trial-by-trial changes in the actual expectations 

due to PE updates within each of the ability conditions at the individual subject level (R2 = 

0.46 ± 0.28 [M ± SD]), supporting the validity of the model in describing the subjects® 

learning behavior. In addition to revealing PE valence-specific learning, which could not 

be directly assessed via model-free behavioral analyses, posterior predictive checks also 

confirmed that the winning model captured the core effects in our model-free analysis (see 
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Supplementary Note 3.2, Figure 3.1c, Supplementary Table 3.2; for parameter 

correlations see Supplementary Table 3.3). Exploratory analyses with learning rates from 

Model 5 showed that our results were unaffected by the w parameter modulating learning 

from more extreme feedback in the winning Model 8 (see Supplementary Note 3.3). 

Replication of the negativity bias for the formation of self-efficacy beliefs 

Participants showed higher learning rates when forming self-efficacy beliefs than when 

forming beliefs about the other person's performance (main effect of Agent: F(1,67) = 5.77, 

p = .019, Ʈ² = 0.017, partial Ʈ² = 0.079). There was also a main effect of Prediction Error 

Sign (F(1,67) = 5.22, p = .025, Ʈ² = 0.011, partial Ʈ² = 0.072; categorical comparison of 

learning rates for positive vs. negative PEs) and a significant interaction of Agent x 

Prediction Error Sign (F(1,67) = 21.47, p < .001, Ʈ² = 0.040, partial Ʈ² = 0.243), which 

replicates earlier findings of a bias towards more negative updating during self-efficacy 

belief formation (t(68) = -3.53, p < .001, d = -0.425, MƨSelf/PE+ = 0.25, SD = 0.13; MƨSelf/PE- = 

0.35, SD = 0.20, Müller-Pinzler et al., 2019). Forming beliefs about another person®s 

performance did not reveal a significant bias towards more negative updating (t(68) = 2.67, 

p = .009, d = 0.321; MƨOther/ PE+= 0.27, SD = 0.16; MƨOther/PE- = 0.24, SD = 0.15; see Figure 

3.1d). There was no significant main effect or interaction for Group (p > .097).  

Associations of self-efficacy belief formation with affective experience 

We hypothesized that self-efficacy belief formation is associated with affective experience. 

In line with Bromberg-Martin and Sharot (2020) we expected that individuals with more 

negative affective experience would update their self-efficacy beliefs in a more negative 

way. To quantify associations between learning behavior and affect, individual differences 

in the overall experience of embarrassment and pride during the task were used as 

between-subject measures. Embarrassment and pride ratings were only weakly 

correlated (Ƹ(68) = -.10, p = .436), indicating that the experience of embarrassment and 

pride during the task represent two rather independent affective components with respect 

to the self-related feedback (see Supplementary Table 3.4 for a more detailed correlation 

table). The bias in the formation of self-efficacy beliefs (Valence Learning Bias = (ƨSelf/PE+ - 

ƨSelf/PE-)/ (ƨSelf/PE+ + ƨSelf/PE-); Müller-Pinzler et al., 2019; Niv et al., 2012; Palminteri et al., 

2017) was negatively linked to the reported experience of embarrassment during the task 

(Ƹ(68) = -.24, p = .043), that is, more negative updating behavior was associated with 

increased embarrassment ratings. In contrast, the Valence Learning Bias was positively 

linked to the emotion of pride (Ƹ(68) = .55, p < .001). A regression predicting the Valence 

Learning Bias with both affect ratings simultaneously revealed independent effects of pride 

(Ʃ = 0.56, t(66) = 5.81, p < .001) and embarrassment (Ʃ = -0.22, t(66) = -2.30, p = .025; R2 

= .41, F(1,66) = 22.90, p < .001, f 2 = 0.64). When controlling for differences in the feedback 

participants received before rating their affective experience, correlations between 

emotions and Valence Learning Bias do not significantly change and the overall pattern 

of associations remains consistent. This indicates that the experience of self-conscious 
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Figure 3.1. Trial sequence and timing, experimental conditions, modeling of learning behavior, learning 
rates and their association with self-conscious emotions. a Shows a stylized version of the estimation 
task. A cue at the beginning of each trial indicated the following estimation category and the agent whose 
turn it was. After providing their performance expectation ratings (EXP), participants were asked an 
estimation question, followed by the corresponding performance feedback. After approximately every 
20 trials, participants were asked to rate their current emotional state (pride, embarrassment, happiness, 
stress/ arousal). b The LOOP task contained two experimental factors, Ability level (High Ability vs. Low 
Ability) and Agent (Self vs. Other), resulting in four feedback learning conditions that can be 
distinguished by different estimation question types (e.g. estimation of weights). c Predicted and actual 
performance expectation ratings across time. The behavioral data indicate that participants adapted 
their performance expectation ratings (solid lines) to the provided feedback, thus learning about the 
allegedly distinct performance levels. The winning valence-specific learning model captured the 
participantsô behavior, as indicated by a close match of actual performance expectations with the 
predicted data (dashed lines). Shaded areas represent the standard errors for the actual performance 
expectations. d Learning rates derived from the winning Valence Model indicate that there was a bias 
towards increased updating in response to negative prediction errors (ŬPE-) in contrast to positive 
prediction errors (ŬPE+) for the formation of self-efficacy beliefs. Colored bars indicate the first and third 
quartile of the data, the line marks the median. Whiskers extend from the upper (lower) box borders to 
the largest (smallest) data point at most 1.5 times the interquartile range above (below) the respective 
border. Data with more extreme values than this are displayed as individual points; ***p < 0.001, 
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indicates a significant negativity bias during the formation of self-efficacy beliefs. e Correlation plots and 
Spearman correlations of self-related Valence Learning Bias and embarrassment as well as pride 
experience during the experiment. *p < 0.05, ***p < 0.001. 

 

emotions during successful and unsuccessful performances was tied to the way in which 

people updated their self-efficacy beliefs (see Figure 3.1e). Furthermore, the way in which 

participants processed the performance feedback in order to update their self-efficacy 

beliefs was associated with their self-esteem. Specifically, participants with higher self-

esteem showed more positive updating, Ƹ(68) = .33, p = .006 (fMRI subsample: Ƹ(38) = .35, 

p = .030), which strengthens the assumption that prior beliefs about the self have a direct 

impact on how individuals learn novel information about new abilities (Müller-Pinzler et al., 

2019; Rouault et al., 2019).  

Pupil dilation slopes are associated with surprise and valence of prediction errors, in line 

with a negative learning bias 

Previous research has successfully linked changes in pupil diameter to surprise, PEs and 

learning (Koenig et al., 2018; Preuschoff et al., 2011) as well as emotional experiences 

and arousal (Bradley et al., 2008; Müller-Pinzler et al., 2015). Thus, we hypothesized that 

PE tracking is linked to changes in pupil diameter. To corroborate our assumption that 

changes in pupil diameter, as indicated by the slope of the change in pupil size during the 

processing of self-related feedback, reflect increased arousal or attention in association 

with greater PEs, we regressed trial-by-trial variability in the pupil slope on PE surprise 

(continuous effect of unsigned PEs) and PE valence (continuous effect of signed PEs; see 

Figure 3.2a; Rouhani & Niv, 2021). The linear mixed model revealed a significant positive 

effect for PE surprise (Ʃ = 0.067, t(325.9) = 2.16, p = .032, 95% CI = [0.006; 0.127]) and a 

significant negative effect for PE valence (Ʃ = -0.113, t(30.7) = -2.52, p = .017, 95% CI = 

[-0.200; -0.025]; see Supplementary Figure 3.3). First, we observed an effect of PE 

surprise, insofar as the more surprising the feedback was with respect to trial-by-trial prior 

expectations, the more the pupil dilated. Second, the results indicate that pupil dilation 

was greater with decreasing PE values, thus linking negative PEs, rather than positive 

PEs, to greater dilation (i.e. effect of PE valence). Potentially, these PE valence effects 

indicate increased arousal and attention towards more negative PEs, in line with the 

negativity bias that we found in learning rates.  

Pupil dilation response to prediction error valence is associated with affect and learning 

bias 

It has been suggested that pupil dilation reflects differences not only between stimuli but 

similarly between individual biases during decision making (see Figure 3.2b for examples 

of individual differences; de Gee et al., 2014). We thus expected individual differences in 

self-efficacy belief formation and affective experience to be associated with differences in 

pupil responses to PEs. To test this assumption, we introduced individual differences in 

learning and self-conscious emotions as between-subject covariates into the linear mixed 

models assessing trial-by-trial pupil slopes. These analyses demonstrated that individuals  
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Figure 3.2. Association of pupil slopes with prediction error (PE) valence and individual pupil response 
differences explained by differences in Valence Learning Bias, embarrassment and pride experience. a 
Example of pupil diameter trace over three trials for one subject (orange line) and trial-specific fitted 
linear slopes (blue lines) for the feedback phase of each trial. PE values are calculated with the 
participantôs current performance expectation (EXP) and the following feedback value (FB), and PE 
valence represents the signed PE while PE surprise represents the unsigned PE. b Three exemplary 
scatter plots show the association of pupil slopes with PE valence and illustrate the variance between 
subjects. Trend lines are fitted by linear regression. c Illustration of the impact of the three between-
subject covariates, Valence Learning Bias (left), embarrassment (middle) and pride experience (right) 
explaining differences in the associations of PE valence and pupil slope. The plots show the data as 
predicted by the multi-level models for the mean covariate (grey line) and the mean covariate +/ī 1 
standard deviation (SD; black line and gray dashed line). 
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who experienced more embarrassment showed stronger pupil dilations scaling with more 

negative PEs, while pupil slopes did not correlate with PEs in individuals with lower 

embarrassment (significant interaction of embarrassment and PE valence: (Ʃ = -0.0004, 

t(32.5) = -2.59, p = .015, 95% CI = [-0.0006; -0.0001]; no main effect for embarrassment: 

Ʃ = 0.002, t(34.2) = 0.42, p = .679, 95% CI = [-0.009; 0.014]; see Figure 3.2c). These effects 

were reversed when pride ratings, instead of embarrassment ratings, were included in the 

model (interaction pride and PE valence (Ʃ = 0.0005, t(34) = 3.18, p = .003, 95% CI = 

[0.0002; 0.0007]; main effect of pride: Ʃ = -0.00006, t(34.1) = -0.01, p = .991, 95% CI = [-

0.01132; 0.01120]). The Valence Learning Bias modulated the relationship between PE 

valence and pupil slopes in the same way (interaction Valence Learning Bias and PE 

valence (Ʃ = 0.38, t(31.8) = 3.02, p = .005, 95% CI = [0.13; 0.62]; main effect of Valence 

Learning Bias: Ʃ = 0.33, t(50.9) = 1.04, p = .308, 95% CI = [-0.30; 0.97]), indicating that 

participants with a more negative Valence Learning Bias showed a negative correlation of 

pupil dilation and PEs, whereas participants with no bias or a positive bias showed less 

differentiation in pupil dilation in response to the valence of the PE. 

Common neural activations associated with PE surprise and distinct activations for PE 

valence 

On the level of the brain, we assessed the association of PE tracking with neural activity 

and tested whether there is a specific response pattern with respect to self- and other- 

related belief formation. To do so, we computed the effects of continuous trial-by-trial PE 

surprise and PE valence as parametric weights to assess neural aspects of learning more 

specifically (see Figure 3.3a). Increased PE surprise was associated with greater 

activation of the mPFC for Self and Other as well as clusters in the left insula/ temporal 

pole/ frontal orbital gyrus (bilaterally for Other; see Figure 3.3c and Supplementary Table 

3.5). There was no significant difference between Self and Other (p < .001 uncorrected), 

indicating that there is no evidence for distinct neural processes of error tracking between 

agents. 

The assessment of PE valence revealed a distinct pattern for self- and other-related belief 

formation: Self-related PE valence was positively associated with increased activation of 

the NAcc/ VS, mPFC, bilateral angular gyrus/ superior parietal lobule/ lateral occipital 

gyrus and precentral gyrus, showing stronger activation scaling with more positive PEs 

(Figure 3.3b and Supplementary Table 3.6). There was no effect for other-related PE 

valence, and a direct comparison of self- vs. other-related PE valence effects revealed 

stronger associations in the NAcc/VS for Self (right: x, y, z: 12, 17, -4, t(38) = 5.23; k = 2; 

left: x, y, z: -9, 26, ī1, t(38) = 5.77, k = 19). This supports the assumption that the valence 

of the feedback has a specific value when feedback refers to the self as compared to 

another person. Although behavioral data and learning rates clearly emphasize the 

greater importance of negative over positive PEs, there were no significant negative 

associations with PE valence in the neural data (p < .001 uncorrected). Additional 

analyses assessing differences between the feedback conditions for Agent and Prediction  
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Figure 3.3. Common neural activations associated with prediction error (PE) surprise, distinct 
activations for self-related PE valence and individual response differences to PE valence explained by 
differences in Valence Learning Bias, embarrassment and pride experience, and pupil dilation. a 
Exemplary BOLD response over three trials for one subject (orange line) and regressors for the 
feedback phase of each trial (black line; the originally separate regressors for self- and other-related 
feedback are combined here for display purposes). PE valence (small dashed) and PE surprise (large 
dashed) are added as parametric modulators in addition to the feedback regressors. PE values are 
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calculated as shown in Figure 3.2. b PE valence was associated with increased activation of the 
NAcc/VS, mPFC, bilateral angular gyrus/ superior parietal lobule/ lateral occipital gyrus and precentral 
gyrus when participants formed self-efficacy beliefs (Self). c PE surprise was associated with activation 
of the mPFC and the bilateral insula/ temporal pole/ frontal orbital gyrus during the formation of self- and 
other related beliefs (uncorrected p < 0.001 for display purposes; see Supplementary Table 3.5 for FWE 
corrected statistics). d Neural tracking of PE valence during the formation of self-efficacy beliefs was 
modulated by between-subject variables. Black arrows indicate the direction in which the covariates are 
coded in the analyses. Clusters refer to p < 0.005, uncorrected for display purposes; see Supplementary 
Data 3.2 for FWE corrected statistics. e Pearson correlations for parameter estimates derived from the 
whole areas of our predefined ROIs with the Valence Learning Bias, Pupil Dilation Bias, embarrassment 
and pride are color-coded. *p < 0.05, FDR corrected. 

 

Error Sign are presented in the Supplementary Information (Supplementary Note 3.4, 

Supplementary Figure 3.4, Supplementary Data 3.1, and Supplementary Table 3.7). 

Neural activity in response to self-related PE valence is associated with affect, learning 

bias, and pupil dilation 

To assess how biases in learning as well as affective experience and pupil dilation were 

associated with valence-specific PE processing on the single trial level, multiple general 

linear models (GLMs) were performed. These included the Valence Learning Bias, self-

conscious emotions, and a score representing a valence bias for pupil dilation responses 

to positive vs. negative PEs (Pupil Dilation Bias = PupilSlopeSelf/PE+ - PupilSlopeSelf/PE-) as 

between-subject covariates for PE valence tracking. Analyses within our predefined 

regions of interest (ROIs) revealed that the more negative the Valence Learning Bias was, 

the more neural activity increased with more negative PEs in the bilateral dAI, vAI, 

amygdala, mPFC, and VTA/ SN (all results are p < .05 family-wise error (FWE) corrected 

at peak level within ROIs; see Figure 3.3d and Figure 3.3e, Supplementary Data 3.2). In 

other words, the more positive participants learned about themselves (i.e., more positive 

Valence Learning Bias), the more neural activity increased with more positive PEs in these 

regions (see Figure 3.3d, Figure 3.3e, and Supplementary Figure 3.5). Overall, higher 

experience of embarrassment showed similar associations with stronger activity with more 

negative PEs in the right dAI, bilateral amygdala, and VTA/ SN. Trend effects for 

embarrassment were found in the left dAI, bilateral vAI, and mPFC. In line with this, lower 

experience of pride showed the same association in the dAI and vAI, amygdala, VTA/ SN 

and mPFC. Additional analyses revealed that effects for embarrassment and pride were 

mainly independent (see Supplementary Note 3.5). Similarly, the more negative the Pupil 

Dilation Bias was, the stronger the activation of the dAI and vAI, amygdala and VTA/ SN 

with more negative PEs. Thus, the greater the response of this neural system for more 

negative PEs, the greater was the preference for negative information during learning as 

well as the negativity of the affective experience. This gained multi-modal support by 

similar associations of the Valence Learning Bias and affect with the pupil dilation 

response, which reflects the activity of this underlying neural system. In contrast, 

participants who showed a greater response of this neural system to positive PEs also had 

a preference for positive information during learning and reported more positive affect. 
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Figure 3.4. Differences in functional connectivity of the dorsal anterior insula during prediction error (PE) 
valence tracking during the formation of selfand other-related beliefs and associations with the Valence 
Learning Bias. a Increased functional connectivity of the dorsal anterior insula for the negative effect of 
PE valence in the predefined ROIs (amygdala, mPFC, VTA/ SN; p < 0.005 uncorrected for display 
purposes; contrast Self vs. Other). b Functional connectivity dynamics of the dorsal anterior insula 
plotted separately for the formation of self- and other-related beliefs. For display purposes, parameter 
estimates are plotted separately for Self and Other and refer to the peak voxels of the contrast Self vs. 
Other that are reported in Supplementary Table 3.8. Colored bars indicate the first and third quartile of 
the data, the line marks the median. Whiskers extend from the upper (lower) box borders to the largest 
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(smallest) data point at most 1.5 times the interquartile range above (below) the respective border. Data 
with more extreme values than this are displayed as individual points; *p < 0.05, **p < 0.01. c Spearman 
correlations of the Valence Learning Bias with the functional connectivity dynamics between the dorsal 
anterior insula (seed region reported on the right side) and the amygdala, mPFC and VTA/ SN 
associated with PE valence for self- vs. other-related learning are color-coded. *p < 0.05, FDR corrected. 

 

Functional connectivity of the dorsal anterior insula depends on prediction error valence 

in line with the negativity bias 

Due to the dense anatomical and functional connections between the dAI and (para)limbic 

as well as frontal brain regions (Kelly et al., 2012; Kurth et al., 2010) we tested whether 

the dAI connectivity was increased with more negative PEs. To do so, we assessed 

functional connectivity dynamics of the left and right dAI, as these were activated during 

feedback processing for self- and other-related feedback, independent of Agent and PE 

valence. Using psychophysiological interaction (PPI) analyses we calculated the 

interaction of the continuous PE valence and the time series extracted from the left and 

right dAI seed regions separately for Self and Other on the first level. The two agents were 

contrasted against each other on the second-level GLM, as we were specifically 

interested in connectivity dynamics that might reflect the differential learning from negative 

PEs when processing self-relevant information. Contrasting the PPI effects for PE valence 

between Self and Other demonstrated that during the formation of self-efficacy beliefs, 

functional connectivity dynamics of the right dAI with the bilateral amygdala, mPFC and 

VTA/ SN (p < .05, FWE corrected at peak level within ROIs) more strongly aligned with 

the negativity of the PEs. The left dAI showed a weaker but similar spatial distribution, with 

significant differences between self- and other-related PE valence for the left amygdala 

and VTA/ SN (p <. 05, FWE-corrected, see Figure 3.4a/ b and Supplementary Table 3.8). 

Thus, those brain regions that preferentially tracked PEs of negative valence in individuals 

with increased negative affect and learning biases also showed connectivity dynamics 

with the dAI in a similar direction during self-efficacy belief formation. Individuals who 

showed more pronounced differences in functional connectivity, that is, stronger 

functional connectivity for negative PEs during Self>Other, also showed a more negative 

Valence Learning Bias, although this pattern was not fully consistent across all ROIs (see 

Figure 3.4c). 

3.4 Discussion 

Belief formation is essentially biased, and various studies have shown how it is shaped by 

motivations (Elder et al., 2022; Sedikides & Gregg, 2008; Sedikides & Hepper, 2009; 

Sharot & Garrett, 2016). Here, we extend these findings and show that the affect, which 

people experience during learning, also is linked to belief formation and its underlying 

neural processes. Our computational modeling results imply that biases in the formation 

of self-efficacy beliefs in mastering a conceptually novel task are associated with the 

experience of the self-conscious emotions of embarrassment and pride. Critically, on the 

level of neural systems, the valence of prediction errors (PEs) is associated with biases in 

self-efficacy belief formation and the negativity of the affective experience. Individual 

differences in the response preference for negative PEs, as indicated by the pupil dilation 
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response and activation of the AI, amygdala, mPFC, and VTA/ SN, are associated with a 

more negative learning bias and negative affective experience, hinting at a neurobiological 

system that integrates affect during learning.  

The novel framework on the value of beliefs proposed by Bromberg-Martin and Sharot 

(Bromberg-Martin & Sharot, 2020) nicely details how beliefs elicit emotions, while at the 

same time, these emotions shape how beliefs are updated in a reciprocal relationship. 

Based on this framework as well as previous research on self-conscious emotions, a 

negative belief about one®s abilities, i.e. a negative self-efficacy belief, should elicit 

stronger embarrassment after failures and reduced pride after successes (Müller-Pinzler 

et al., 2015; Tangney et al., 2007). According to the present data, the association of the 

learning bias with affect supports this notion, as individuals who experienced more 

negative (embarrassment) and less positive affect (pride) when receiving self-related 

feedback were also inclined to update their self-efficacy beliefs in a more negative way. 

At the same time, negative emotions guide the information processing at various stages, 

including perception, attention, and decision-making, as discussed in the context of 

motivated cognition (Hughes & Zaki, 2015). This reciprocal relationship finally results in a 

biased formation of self-efficacy beliefs and in self-efficacy beliefs that are both drivers of 

affect and influenced by emotional responses to incoming information. Here, 

embarrassment is a particularly relevant example illustrating this recursive relationship: 

The fear of failure, as is often discussed in the context of social anxiety (disorder) (Koban 

et al., 2017; Morrison & Heimberg, 2013; Müller-Pinzler et al., 2015; Müller-Pinzler et al., 

2019), leads to shifts in expectations and attention (threat monitoring) towards negative 

information. At best, this results in reparative behavior and performance improvement 

(Darby & Harris, 2010; Keltner & Potegal, 1997), and at worst, it leads to a vicious cycle 

of fear and pathologically increasing negative beliefs about the self (Heimberg et al., 

2010). This is reflected in the present findings, when individuals who experienced more 

intense embarrassment ended up with lower self-efficacy beliefs.  

Emotions shape learning processes in different ways. First, emotions can influence how 

information is processed in the brain by adaptively shifting attention towards salient 

aspects of the situation (Christianson, 2014; Kaspar & König, 2012). Second, emotions 

entail arousal, which intensifies internal rehearsal and evaluations, leading to increased 

learning (Christianson, 2014; Frijda, 1987; Storbeck & Clore, 2008), although these 

processes often interact and are intricately related (Hughes & Zaki, 2015). The increased 

pupil dilation in response to negative PEs in our study is in line with both increased salience 

of and attentional shifts towards negative PEs (Koenig et al., 2018; Preuschoff et al., 2011) 

or increased arousal elicited by negative PEs (Bradley et al., 2008; Müller-Pinzler et al., 

2015). In this regard, we believe that the stronger impact of positive or negative 

information on pupil responses and brain reactivity maps arousal and affect according to 

the valence of individual learning biases and affective experiences.  

On the neural level, the anterior insula (AI), specifically, has been suggested to function 

as an integrative hub for motivated cognition and emotional behavior (Koban & Pourtois, 

2014; Wager & Barrett, 2017). While ventral aspects of the AI are associated with affective 

processing, emotions, and physiological arousal (Craig, 2003; Kelly et al., 2012; Lindquist 

et al., 2012; Phan et al., 2002; Wager & Barrett, 2017), dorsal aspects of the AI are 
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strongly associated with the detection of salient events, allocation of attentional resources, 

executive working memory (Menon & Uddin, 2010; Touroutoglou et al., 2012) and also 

surprise PEs and uncertainty during learning (Loued-Khenissi et al., 2020; Rutledge et al., 

2010; Ullsperger et al., 2010). These findings suggest that the functions of the AI provide 

a physiological basis for how emotions are translated into biased, motivated, or affected 

beliefs (Koban & Pourtois, 2014; Wager & Barrett, 2017). A similar role, as a link for the 

attention-emotion interaction, has also been suggested for the amygdala (Kaspar & König, 

2012; Koban & Pourtois, 2014), which showed similar responses in our task. The 

functional connectivity dynamics of the dAI, matching the modeled learning rates with a 

stronger impact of self-related negative PEs, underline the insula®s role as an integrative 

hub (Mesulam & Mufson, 1982) that receives and forwards signals affecting information 

processing in other brain regions (Kelly et al., 2012; Kurth et al., 2010).  

Tracking of PEs in the dopaminergically innervated VTA/ SN is influenced by motivational 

factors during learning (Adcock et al., 2006). The subjective value of self-related 

information varies strongly between subjects, as indicated by response patterns of the 

VTA/ SN to gains or losses (Charpentier et al., 2018). In this line, we believe that the 

present results reflect individual response tendencies at a very basic level of PE tracking. 

On higher layers of the computational hierarchy, regions in the ACC and mPFC are also 

associated with PE tracking and value representation (Hare et al., 2008; Lockwood & 

Wittmann, 2018; Wallis & Kennerley, 2010) and have been previously associated with 

biases in learning (Korn et al., 2012; Kuzmanovic et al., 2016, 2018). Affect and arousal 

could therefore bias learning on various stages of the computational hierarchy of PE 

processing, from more basic dopaminergic midbrain responses to more abstract value 

representations in the neocortex (Diaconescu et al., 2017). While the directionality of the 

effects remains to be determined, the dynamics in the functional connectivity of the dAI 

suggest a modulatory role in this process. Here, information is forwarded to and/ or 

integrated from the VTA/ SN and mPFC, the same regions whose response to the valence 

of PEs was also modulated by differences in learning bias and affective experience. This 

strengthens the idea that the AI may play a role in shifting responses to negative or positive 

information in other brain regions (e.g. by shifting attention and by affective tagging) or 

that it already may receive stronger signals in response to PEs of negative or positive 

valence from midbrain regions and the mPFC. The tracking of the absolute error, PE 

surprise (Rouhani & Niv, 2021), independently of the agent, suggests that there is a 

common and valence-independent coding of surprise in the insula and the mPFC that 

could be sufficient to complete the learning task per se. As our results indicate, however, 

the valence of the PE is relevant for understanding the trajectories of how individuals form 

self-efficacy beliefs. This is implicated by a valence-dependent, additive shift in the error-

related BOLD response of these regions that corresponds to individual differences in the 

learning bias and affective experience. As a result, besides the main effect of surprise on 

the BOLD response of the AI and the mPFC, individuals who form more negatively biased 

self-efficacy beliefs and experience more negative affect, also have greater error-related 

responses in the case of negative PEs in contrast to positive PEs. This congruency in the 

modulation of the U-shaped surprise function hints at a neurocomputational mechanism 

of how affect may shape the formation of beliefs, as proposed previously (Bromberg-
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Martin & Sharot, 2020). Some of the key findings of the present study emerged at the 

level of individual differences. We observed a wide inter-individual variance in the affective 

experience during the task and in the learning bias, that is, the type of information 

participants preferentially used to update self-efficacy beliefs. While, on average, we found 

a negativity bias during the formation of self-efficacy beliefs, just under a third of the 

participants still showed a positive learning bias, underlining the importance of individual 

factors and the meaningfulness of variability. Studies suggest not only that biases in belief 

formation differ between tasks (Ertac, 2011; Müller-Pinzler et al., 2019; Sharot & Garrett, 

2016) but also that they depend on contextual factors like stress (Czekalla et al., 2021; 

Garrett et al., 2018). An individual®s ability to adjust his/her current information processing 

strategy to the context might be adaptive (Bromberg-Martin & Sharot, 2020): for example, 

adaptation to an increased relevance of negative or threat-related information during 

stress (Garrett et al., 2018) or coping with a negative self-concept following social stress 

by means of more self-beneficial belief updating (Czekalla et al., 2021). It might also be 

adaptive for people who fear negative feedback to pay more attention to failure-related 

information in order to learn and circumvent potential future failures (Sedikides & Hepper, 

2009). However, it is not always straightforward to determine under which conditions a 

strategy is adaptive or whether the affective experience can ameliorate the individual®s 

well-being. A maladaptive consequence of biased self-efficacy beliefs becomes apparent 

in psychiatric disorders such as depression and social anxiety, in which amplified negative 

updating can lead to persistently distorted self-views and overly negative beliefs about 

one®s own capabilities in everyday life (Alden et al., 2008; Amir et al., 2012; Koban et al., 

2017; Korn et al., 2014; Taylor & Brown, 1988).  

Emotions experienced during learning are linked to computational mechanisms and 

manifest in distributed neural activity during belief formation. In particular, neural activity 

of the AI, amygdala, VTA/SN, and mPFC and pupil responses map the valence of PEs in 

correspondence with the experienced affect and the learning bias that people show during 

belief formation. The more negative balancing in the functional connectivity dynamics of 

the dAI during the processing of self-related PEs within this network outline a scaffold for 

neural and computational mechanisms integrating affect during belief formation. The 

results of our empirical implementation of the framework on the value of beliefs 

(Bromberg-Martin & Sharot, 2020) have broader implications concerning any context that 

provides personal evaluations based on behavioral performance. Here, the focus on the 

affective experience during learning provides a deeper understanding of how feedback 

manifests in self-efficacy beliefs, which may in turn have a relevant impact on 

developmental processes and future behavior. 

3.5 Methods 

Participants 

The study was approved by the ethics committee of the University of Lübeck (AZ 18-066), 

was conducted in compliance with the ethical guidelines of the American Psychological 

Association (APA), and all subjects gave written informed consent. Participants were 

recruited at the University Campus of Lübeck, were fluent in German, and had normal or 

corrected-to-normal vision. In the MRI 39 participants (26 females, aged 18-28 years; M 
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= 22.3; SD = 2.65) completed the study. We initially recruited 48 participants, but had to 

exclude six participants who did not believe the cover story of the task and three 

participants who did not attentively complete the task until the end (e.g. participants 

reported that they were too tired or the ratings indicated that they stopped responding to 

the estimation task). During the MRI scanning, eye-tracking data was additionally obtained 

and could be analyzed in all but three subjects who had insufficient data quality (resulting 

in n = 36 for pupil data analyses). We recruited an additional 30 participants (24 females, 

aged 18-32 years; M = 23.3; SD = 3.97), who completed the study as a behavioral study 

outside the MRI to increase the sample size for computational modeling results (resulting 

in an overall N = 69 for behavioral data analyses). For more details on the sample 

characteristics, see Supplementary Table 3.9. 

Learning of own performance task 

The learning of own performance (LOOP) task enables participants to incrementally learn 

about their own or another person®s alleged ability in estimating properties. The task was 

previously introduced and validated in a set of behavioral studies (Müller-Pinzler et al., 

2019). For the LOOP task, all participants were invited to take part in an experiment on 

cognitive estimation together with a confederate, who was allegedly another participant. 

In contrast to the fMRI study, for the behavioral study, two participants were invited and 

tested together instead of introducing a confederate. Participants were informed that they 

would take turns with the other participant/ confederate, either performing the task 

themselves (Self) or observing the other person performing (Other). Participants were 

asked to estimate different properties (e.g. the height of houses or the weight of animals). 

On a trial-by-trial basis, participants received manipulated performance feedback in two 

distinct estimation categories for their own estimation performance and for the other 

person®s estimation performance. Unbeknownst to the participant, one of the two 

categories was arbitrarily paired with rather positive feedback while the other was paired 

with rather negative feedback (e.g. height of houses = High Ability condition and weight 

of animals = Low Ability condition or vice versa; estimation categories were 

counterbalanced between Ability conditions and Agent [Self vs. Other] conditions). This 

resulted in four feedback conditions with 20 trials each (Agent condition [Self vs. Other] x 

Ability condition [High Ability vs. Low Ability]). Trials of all conditions were intermixed in a 

fixed order with a maximum of two consecutive trials of the same condition. Performance 

feedback was provided after every estimation trial, indicating the participant®s own or the 

other person®s current estimation accuracy as percentiles compared to an alleged 

reference group of 350 university students who, according to the cover story, had been 

tested beforehand (e.g. "You are better than 94% of the reference participants.¯; see 

Figure 2.4a). The feedback was defined by a sequence of fixed PEs with respect to the 

participants® current belief about their abilities. The current belief was calculated as the 

average of the last five performance expectation ratings per category, which started at 

50% before participants actually rated their performance expectation. This procedure led 

to varying feedback sequences between participants but kept PEs mostly independent of 

the participants® performance expectations and ensured a relatively equal distribution of 
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negative and positive PEs across conditions (Self: mean positive PE = 13.6, SD = 1.8 

(mean frequency = 20.3); mean negative PE = -12.6, SD = 1.4 (mean frequency = 19.7); 

Other: mean positive PE = 13.0, SD = 1.3 (mean frequency = 19); mean negative 

PE = -13.1, SD = 1.1 (mean frequency = 21)). At the beginning of each trial, a cue was 

presented indicating the estimation category (e.g. height) and the agent whose turn it was 

(e.g. you or Tim). Afterwards participants were asked to state their expected performance 

for this trial on a scale with the same percentiles used for feedback. In order to increase 

motivation and encourage honest response behavior, participants were informed as part 

of the cover story that accurate expected performance ratings would be rewarded with 

up to 6 cents per trial, that is, the better the match between their expected performance 

rating and their actual feedback percentile, the more money they would receive. Following 

each performance expectation rating, the estimation question was presented for 10 s. 

During the estimation period, continuous response scales below the pictures determined 

a range of plausible answers for each question. Participants indicated their responses by 

navigating a pointer on the response scale with an MRI-compatible computer mouse. 

Subsequently, feedback was presented for 3 seconds (see Figure 2.4a). Jittered inter-

stimulus-intervals were presented following the cue (mean: 4 * TR (0.992 s), range: 2-6 * 

TR), estimation (mean: 4.5 * TR, range: 2.5 ² 6.5 * TR) and feedback phase (mean: 6 * 

TR, range: 4-8 * TR) for the fMRI task with jitters distributed in a uniform distribution with 

steps of 0.5 * TR. All stimuli were presented using MATLAB Release 2015b (The 

MathWorks, Inc.) and the Psychophysics Toolbox (Brainard, 1997). The fMRI task was 

completed in two separate 20-min sessions with a short break in between. 

Before starting the experiment, all participants answered several questions about their 

self-efficacy beliefs and completed a self-esteem personality questionnaire (Self-

Description Questionnaire-III, SDQ-III; Marsh & O®Neill, 1984). During the LOOP task, 

participants were also asked to rate their current levels of embarrassment, pride, 

happiness and stress/ arousal on a continuous scale ranging from not at all (coded as 0) 

to very strong (coded as 100). During the whole task four emotion rating phases, including 

all four emotions, were presented, each following a trial of one of the four experimental 

conditions (e.g. Self - High Ability). The two emotion rating phases following self-related 

feedback were averaged to obtain a rating for the experience of self-conscious affect 

(embarrassment and pride) during the formation of self-efficacy beliefs. Following the task, 

participants completed an interview including ratings about self-efficacy beliefs, were 

debriefed about the cover story, and reimbursed for their time before leaving. The whole 

procedure took approximately 2 h.  

Statistics and reproducibility 

Behavioral data analysis and modeling. To illustrate effects in our behavioral data, a 

model-free analysis was performed on the participants® expected performance ratings for 

each trial. We conducted a linear mixed model (LMM) fitted with restricted maximum 

likelihood (REML) including the Ability condition (High Ability vs. Low Ability) x Agent 

condition (Self vs. Other) as factorial and Trial (20 Trials) as continuous predictors. 
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Intercept, Ability condition, Agent condition, and Trial were modeled as fixed and random 

effects (see Supplementary Note 3.1 for results).  

Following model free analyses, dynamic changes in self-efficacy beliefs, that is, 

performance expectation ratings, were then modeled using PE delta-rule update 

equations (adapted Rescorla-Wagner model; Rescorla & Wagner, 1972). For the learning 

models the following PE delta-rule update equation was used (EXP = Performance 

expectation rating, FB = feedback, PE = prediction error, ƨ = learning rate):  

[1]  EXPt+1 = EXPt + ƨ PEt; while PEt = FBt - EXPt  

The model space contained three main models, which varied with regard to their 

assumptions about biased updating behavior when forming self-efficacy beliefs (see 

Supplementary Figure 3.1). The simplest learning model used one single learning rate for 

all conditions for each participant, thus not assuming any learning biases (Unity Model). 

The second model, the Valence Model, included separate learning rates for positive PEs 

(ƨPE+) vs. negative PEs (ƨPE-) across both ability conditions, thus suggesting that the 

valence (positive vs. negative) of the PE biases self-efficacy belief formation. The third 

model, the Ability Model, contained a separate learning rate for each of the ability 

conditions, indicating context-specific learning. In addition, learning rates were either 

estimated separately for Self vs. Other or across Agent conditions. The Valence Model 

with separate learning rates for Self vs. Other (Model 5), which was the winning model in 

our previous studies (Czekalla et al., 2021; Müller-Pinzler et al., 2019), was further 

extended by adding a weighting factor that reduced learning rates towards the ends of 

the feedback scale (percentiles close to 0 % or 100 %), under the assumption that 

participants would perceive extreme feedback values to be less likely than more average 

feedback (Kube et al., 2021). In the first of these models (Model 7), a linear decrease of 

the learning rates was assumed, beginning at 50 % and ending at 0 % and 100 %. A 

weighting factor w was fitted for each participant, defining how strongly the linear 

decrease was present for each individual. Since many of the variables people encounter 

in everyday life (e.g., many test results) approximately follow a normal distribution with 

extreme values being less likely, for the second model of this kind (Model 8), we assigned 

the relative probability density of the normal distribution to each feedback percentile value. 

Again, a weighting factor w was fitted for each individual, indicating how strongly the 

relative probability density reduced the learning rates for feedback further away from the 

mean. The initial beliefs about the own and the other participant®s performance (EXP1) 

were estimated as free parameters separately for Self and Other as well as both Ability 

conditions, resulting in four additional model parameters. The linear (LD) and normal 

decay (ND; values depicted in Supplementary Figure 3.2) weighted by the weighting 

factor w that reduced the learning rates towards the ends of the scale were introduced in 

the learning models in the following way:  

[2]  EXPt+1 = EXPt + ƨ PEt (1 - w LD); for the linear decrease; 

[3]  EXPt+1 = EXPt + ƨ PEt (1 - w ND); for the normal decrease. 
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In contrast to our previous studies in which we implemented the LOOP task with fixed 

feedback sequences, here, feedback depended on the participants® current expectations 

and thus differed between participants and conditions. Reduced learning rates towards 

the ends of the feedback scale, which may systematically confound learning rates 

between participants and conditions, were thus accounted for in Models 7 and 8 (see 

Supplementary Figure 3.2). To test whether the participants® performance expectation 

ratings can be better explained in terms of PE learning as compared to stable assumptions 

in each Ability condition, we included a simple Mean Model, with a mean value for each 

task condition (Model 9).  

Model fitting. For model fitting, we used the RStan package (Stan Development Team, 

2016. RStan: the R interface to Stan. R package version 2.14.1.), which implements 

Markov chain Monte Carlo (MCMC) sampling algorithms. All of the learning models in the 

model space were fitted for each participant individually, and posterior parameter 

distributions were sampled for each participant. A total of 2400 samples were drawn after 

1000 burn-in samples (overall 3400 samples; thinned with a factor of 3) in three MCMC 

chains. We assessed whether MCMC chains converged to the target distributions by 

inspecting ̂R values for all model parameters (Gelman & Rubin, 1992). Effective sample 

sizes (neff) of model parameters, which are estimates of the effective number of 

independent draws from the posterior distribution, were typically greater than 1500 (for 

most parameters and subjects). Posterior distributions for all parameters for each of the 

participants were summarized by their mean as the central tendency, resulting in a single 

parameter value per participant that we used in order to calculate group statistics.  

Bayesian model selection and family inference. For model selection, we estimated 

pointwise out-of-sample prediction accuracy for all fitted models separately for each 

participant by approximating leave-one-out cross-validation (LOO; corresponding to 

leave-one-trial-out per subject; Acerbi et al., 2018; Vehtari et al., 2016). To do so, we 

applied Pareto smoothed importance sampling (PSIS) using the log-likelihood calculated 

from the posterior simulations of the parameter values as implemented by Vehtari et al. 

(2016). Sum PSIS-LOO scores for each model as well as information about Ὧ values ² the 

estimated shape parameters of the generalized Pareto distribution ² indicating the 

reliability of the PSIS-LOO estimate are depicted in Supplementary Table 3.1. As 

summarized in Supplementary Table 3.1, very few trials resulted in insufficient parameter 

values for Ὧ and thus potentially unreliable PSIS-LOO scores (on average 1.1 trials per 

subject with Ὧ > 0.7 for the winning model; Vehtari et al., 2016). BMS on PSIS-LOO scores 

was performed on the group level, accounting for group heterogeneity in the model that 

best describes learning behavior (Rigoux et al., 2014). This procedure provides the 

protected exceedance probability for each model (pxp), indicating how likely a given 

model is to have a higher probability of explaining the data than all other models in the 

comparison set. The Bayesian omnibus risk (BOR) indicates the posterior probability that 

model frequencies for all models are all equal to each other (Rigoux et al., 2014). We also 

provide difference scores of PSIS-LOO in contrast to the model that won the BMS, which 
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can be interpreted as a simple ­fixed-effect® model comparison (see Supplementary Table 

3.1; Acerbi et al., 2018; Vehtari et al., 2016). Model comparisons according to PSIS-LOO 

difference scores were qualitatively comparable to the BMS analyses for our data. 

Posterior predictive checks were conducted following model selection by quantifying 

whether the predicted data could capture the variance in performance expectation ratings 

for each subject within each of the experimental conditions using regression analyses. 

Additionally, to assess whether the winning model captured the core effects in the 

behavioral data, we repeated the model-free analysis, which we had conducted on the 

behavioral data, with the data predicted by the winning model (see Supplementary Note 

3.2 for results). 

Statistical analyses of learning parameters. Model parameters, i.e. learning rates, of the 

winning models for all experiments were analyzed on the group level. A repeated 

measures ANOVA was calculated on the learning rates with the factor Agent (Self [ƨSelf/PE+, 

ƨSelf/PE-] vs. Other [ƨOther/PE+, ƨOther/PE-]) and factor Prediction Error Sign (PE+ [ƨSelf/PE+, ƨOther/PE+] 

vs. PE- [ƨSelf/PE-, ƨOther/PE-]; in line with the winning model, the term bias corresponds to the 

categorical distinction between feedback with positive PEs vs negative PEs) as well as 

Group as a between-subject factor (fMRI vs. behavior), testing whether the formation of 

self-efficacy beliefs was more valence-specific than forming beliefs about another person®s 

performance.  

To associate learning biases with self-conscious affect, that is, embarrassment and pride, 

as well as self-esteem (SDQ-III subscale scores), we calculated a normalized learning rate 

valence bias score for self-related learning (Valence Learning Bias = (ƨSelf/PE+ - ƨSelf/PE-)/ 

(ƨSelf/PE+ + ƨSelf/PE-); Müller-Pinzler et al., 2019; Niv et al., 2012; Palminteri et al., 2017). 

Spearman correlations were calculated between Valence Learning Bias, affect ratings, 

and self-esteem scores. Statistical tests were performed two-sided if not mentioned 

otherwise. All statistical analyses on the behavioral data apart from the modeling 

procedure were performed using jamovi (Version 1.2.27, The jamovi project (2020), 

retrieved from https://www.jamovi.org). 

Pupil data analysis. For the fMRI sample, eye-tracking data were assessed during 

scanning. Pupil diameter and gaze behavior were recorded non-invasively in one eye at 

500 Hz using an MRI-compatible Eyelink-1000 plus device (SR Research, Kanata, ON, 

Canada) with manufacturer-recommended settings for calibration and blink detection. 

Stimuli were presented on a TFT display (32®®, Active area 698.4 mm(H) x 392.85 mm(V); 

Pixels 1920 x 1080; NordicNeuroLab®s LCD monitor [NNL MRI InroomViewingDevice; 

NordicNeuroLab AS, Møllendalsveien 65 C, 5009 Bergen, Norway]), located 50 cm from 

the observer, in an otherwise dark room. The task has been optimized with respect to eye-

tracking by controlling the global luminance of the stimuli as well as the local luminance of 

the feedback scale. Due to insufficient pupillometry data quality, three participants had to 

be excluded from the analyses (final sample n = 36). Pupil data were preprocessed by 

cutting out periods of blinks, and values in this gap were interpolated by piecewise cubic 

interpolation. The pupil trace was subsequently z-normalized over the whole session. To 

https://www.jamovi.org/
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characterize the pupil dilation for each trial by a single value, we calculated a linear slope 

for each feedback phase of three seconds. Summarizing the pupil dynamics during a 

single trial with a linear slope is a robust and valid measure for an arousal related pupil 

response to stimuli of comparable lengths (Krach et al., 2015; Müller-Pinzler et al., 2015; 

Paulus et al., 2015) building up after 1-2 s until reaching a plateau after more than 

approximately 6 seconds (Bradley et al., 2008; Geuter et al., 2014). Pupil traces were 

only analyzed for the Self condition as there was an offset in the pupil diameter at the 

beginning of the feedback presentation (see Supplementary Figure 3.6). The strong 

difference in the pupil diameter between the Agent conditions is expected given the 

greater arousal (Joshi & Gold, 2020) after the cognitive effort when estimating properties. 

While the pupil slope is a robust measure of rather sustained relative change during 

stimulus presentation, this offset in the diameter at the beginning of the feedback 

presentation makes it impossible to draw valid comparisons of these slopes between the 

Agent conditions as greater pupil diameter will result in greater negative slopes compared 

to smaller pupil diameter. The linear mixed models (LMMs) with pupil slopes as dependent 

variable were fitted including intercept, PE valence, and PE surprise both as fixed and 

random effects. In three separate models either embarrassment ratings, pride ratings, or 

the Valence Learning Bias (Covariates) were included as second-level covariates as well 

as their interaction with PE valence (see Supplementary Note 3.6, Supplementary Figures 

3.7 - 3.9 for supporting analyses on the linear mixed models). The model description of 

the full model was as following: 

[4]  ίȟ  ‎ȟ ‎ȟ ὖzὉ ὠὥὰὩὲὧὩȟ ‎ȟ ὖzὉ ὛόὶὴὶὭίὩȟ ‎ȟ ὅzέὺὥὶὭὥὸὩ

                           ‎ȟ ὅzέὺὥὶὭὥὸὩὖzὉ ὠὥὰὩὲὧὩȟ ‡ȟ ‡ȟ ὖzὉ ὠὥὰὩὲὧὩȟ

                           ‡ȟ ὖzὉ ὛόὶὴὶὭίὩȟ ‐ȟ  

fMRI data acquisition. Participants were scanned using a 3T Siemens MAGENTOM Skyra 

scanner (Siemens, München, Germany) at the Center of Brain, Behavior, and Metabolism 

(CBBM) at the University of Lübeck, Germany with 60 near-axial slices. An echo planar 

imaging (EPI) sequence was used for the acquisition of on average 1520 functional 

volumes (min = 1395, max = 1672) during each of the two sessions of the experiment, 

resulting in a total of on average 3040 functional volumes (TR = 0.992s, TE = 28 ms, flip 

angle = 60°, voxel size = 3×3×3 mm3, simultaneous multi-slice factor 4). In addition, a 

high-resolution anatomical T1 image was acquired, which was used for normalization 

(voxel size = 1×1×1 mm3, 192×320×320 mm3 field of view, TR = 2.300s, TE = 2.94ms, TI 

= 900ms; flip angle = 9°; GRAPPA factor 2; acquisition time 6.55 min; see Supplementary 

Figure 3.10 for whole brain mask). 

FMRI data analyses. FMRI data were analyzed using SPM12 (www.fil.ion.ucl.ac.uk/spm). 

Field maps were reconstructed to obtain voxel displacement maps (VDMs). EPIs were 

corrected for timing differences of the slice acquisition, motion-corrected and unwarped 

using the corresponding VDMs to correct for geometric distortions and normalized using 

the forward deformation fields as obtained from the unified segmentation of the anatomical 

T1 image. The normalized volumes were resliced with a voxel size of 2×2×2 mm3 and 

http://www.fil.ion.ucl.ac.uk/spm
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smoothed with an 8 mm full-width-at-half-maximum isotropic Gaussian kernel. To remove 

low-frequency drifts, functional images were high-pass filtered at 1/384.  

Statistical analyses were performed using a two-level, mixed-effects procedure. A main 

GLM was implemented on the first level and this fixed-effects GLM included four epoch 

regressors modeling the hemodynamic responses to the different cue conditions (Ability: 

High vs. Low × Agent: Self vs. Other), weighted with the performance expectation ratings 

per trial as parametric modulator for each condition. Two regressors modeled the 

feedback conditions for Self vs Other collapsing across PE valence (Agent: Self vs. Other). 

Two parametric modulators were included per feedback condition, weighting feedback 

trials with PE valence (continuous effect of the signed PE values) and PE surprise 

(continuous effect of the unsigned PE values). Parametric modulators were not 

orthogonalized, thus each only explaining their specific variance. One regressor modeled 

the performance expectation rating phase. The estimation periods for Self and Other were 

modeled as two regressors, and emotion rating phases as separate regressor. Each of 

the regressors was modeled with the exact duration as presented during the experiment: 

The cue phase was modeled with a duration of 2.5 s, the expectation rating phase 

according to individual reaction times with a mean of 4.26 s (SD = 1.04), the estimation 

phase with 10 s, the feedback phase with 3 s, and the emotion rating phase with 22.51 s 

(SD = 3.85). To account for noise due to head movement, six additional regressors 

modeling head movement parameters were introduced and a constant term was included 

for each of the two sessions. 

On the second level, beta images for the parametric weights of feedback were extracted 

for Self and Other. Four separate one sample t-tests were implemented for PE valence 

and PE surprise for Self and Other. For direct comparisons of PE valence and PE surprise 

responses for Self and Other, two repeated measures ANOVAs were conducted including 

the respective beta images for Self and Other. Differential tracking of the PE valence, 

depending on biased learning and self-conscious affect, were examined by three 

additional second-level models for the PE valence beta images for Self, including either 

the Valence Learning Bias, embarrassment, or pride ratings as between-subject 

covariate. A self-related Pupil Dilation Bias (average slope for positive PEs - average slope 

for negative PEs; higher scores indicate stronger pupil dilation for positive PEs) was also 

included as covariate in another second-level model to assess whether the neural 

response scaling with more negative PEs was associated with the pupil dilation response. 

Here, we tested for stronger responses with more negative PEs associated with more 

negative affect and a more negative Valence Learning Bias and Pupil Dilation Bias. The 

analyses including all covariates were conducted within our predefined ROIs, the bilateral 

dAI, vAI, amygdala, mPFC, and VTA/ SN, as these regions are associated with affective 

and motivational aspects and PE tracking during learning (for a detailed description see 

3.5 Methods - Thresholding procedure and regions of interest). Supplementary analyses 

assessing all four feedback conditions and parametric modulators are show in 

Supplementary Note 3.4, Supplementary Figure 3.11, Supplementary Figure 3.12, 

Supplementary Figure 3.13. 
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We additionally performed psychophysiological interaction (PPI) analyses on the first level, 

investigating whether functional connectivity of the dAI, which is commonly activated 

during feedback processing independent of Agent and Prediction Error Sign (conjunction 

of baseline contrasts: feedback Self ž feedback Other), would differ depending on the PE 

valence. PPI analyses were computed separately for Self and Other and the resulting 

contrast images for the PPI effects were aggregated on the second level using two-sample 

t-tests contrasting PPI effects for Self vs. Other. For each participant, we defined 6-mm 

radius spherical ROIs, centered at the nearest local maximum for the conjunction contrast 

feedback Self ž feedback Other and located within 10 mm of the group maximum within 

the dAI, separately for the left dAI (x, y, z: -33 20 -4) and right dAI (x, y, z: 36 20 -7). By 

computing the first eigenvariate for all voxels within these ROIs that showed a positive 

effect for the conjunction (p < .500), we extracted the time course of activations and 

constructed PPI terms using the contrast for the parametric weights of PE valence for Self 

or Other, respectively, resulting in four distinct PPI first-level GLMs. One participant was 

excluded from the PPI analyses for the right dAI, because no voxels survived the 

predefined threshold for eigenvariate extraction. The PPI term, along with the activation 

time course from the (left or right) dAI was included in a new GLM for each participant 

that also included all the regressors in the initial first-level GLM (four regressors for the 

different cue conditions, each weighted with the expected performance ratings; two 

feedback regressors for Self and Other with each two parametric modulators for PE 

valence and PE surprise; two regressors for the estimation periods for Self and Other; one 

regressor for the expectation ratings phase; one regressor for the emotion ratings phase; 

six regressors modeling head movement parameters; a constant term for each session). 

On the second level, we assessed whether there was a stronger functional coupling of the 

dAI seed regions with the predefined ROIs (amygdala, mPFC, VTA/ SN) for the Self in 

contrast to the Other when PE valence was more negative. In line with the negative 

Valence Learning Bias for self-efficacy beliefs and stronger pupil dilation responses 

scaling with more negative PEs we specifically tested for stronger functional connectivity 

correlated with more negative PEs. Functional connectivity dynamics were also 

associated with learning behavior by calculating Spearman correlations for the Valence 

Learning Bias and the mean parameter estimates for the PPI effect of Self > Other 

extracted from the GLMs described above in a sphere of 6 mm around the peak voxels 

within the predefined ROIs (amygdala, mPFC, VTA/ SN).  

Thresholding procedure and regions of interest. According to its suggested role as an 

integrative hub for motivated cognition and emotional behavior, the AI was defined as one 

of the regions of interest (ROIs; Koban & Pourtois, 2014; Wager & Barrett, 2017). Due to 

their specific functional associations, a bilateral ventral and a bilateral dorsal AI ROI was 

defined according to the three-cluster solution of Kelly and colleagues (2012). The 

bilateral amygdala was defined as another ROI and derived from the AAL atlas definition 

in the WFU PickAtlas (Tzourio-Mazoyer et al., 2002) due to its similar role for the attention-

emotion interaction (Kaspar & König, 2012; Koban & Pourtois, 2014). The mPFC ROI was 

also derived from the AAL atlas in the WFU PickAtlas (label: bilateral frontal superior 
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medial) due to its specific role during social learning and for biases in self-related learning 

reported in previous studies (Kuzmanovic et al., 2018; Sharot, 2011). Additionally, an 

anatomically defined VTA/ SN ROI, dopaminergic nuclei in the midbrain, was included 

(probabilistic atlases of the midbrain; Adcock Lab; Ballard et al., 2011; Murty et al., 2014) 

as dopamine signals motivationally important events, e.g. during reward learning (Schultz, 

1998), and has been associated with biases in memory towards events that are of 

motivational relevance (Adcock et al., 2006). 

FMRI results were family-wise-error (FWE) corrected at peak level for the whole brain 

unless ROI analyses were conducted, and all coordinates are reported in MNI space. As 

our predefined ROIs were chosen with respect to their involvement with the emotion-

cognition link, we tested the effects of our covariates on PE valence tracking and PPI 

effects within the ROIs. Anatomical labels of all resulting clusters were derived from the 

Automated Labeling Atlas Version 3.0 (Eickhoff et al., 2005). 
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3.7 Supplementary Information 

Supplementary Figures 
 

 

Supplementary Figure 3.1. Structure of the model space. Two factors were distinguished that impact 
learning rates (Ŭ): the agent (self vs other) and the impact (no impact: Unity Model) of prediction error 
valence (Valence Model) or the ability condition (Ability Model). The Valence Model, winning model in 
previous studies (Müller-Pinzler et al., 2019), was extended by a decay factor (w) for the learning rates 
towards the ends of the feedback scale with a linear decrease (Valence Model linear) or a decrease 
following the relative probability density of the normal distribution (Valence Model normal; for more 
details see 3.5 Methods). 
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Supplementary Figure 3.2. Depiction of the linear decay (left) and the decay following the relative 
probability density of the normal distribution (right) for the different feedback values. The values 
depicted here were introduced in the learning models and weighted by a weighting factor as described 
in the 3.5 Methods section.  
 
 
 
 

 
 
Supplementary Figure 3.3. Average pupil trace and pupil slopes for different levels of PE 
Valence. More negative PEs are associated with greater pupil slopes. The average pupil diameter trace 
during feedback is depicted in orange, the shaded area represents +/- one standard error. Pupil slopes 
for the different levels of PEs (from black = negative to grey = positive) were predicted by the multi-level 
model containing PE valence and PE surprise as predictors, as described in the 3.5 Methods section. 
 
  



Study 2 

98 

 

 

 
Supplementary Figure 3.4. Neural activations associated with feedback processing. a) Self-
related feedback vs. other-related feedback was associated with an increased activation of the mPFC/ 
ACC, bilateral anterior insula and thalamus, among other regions (p < .05, FWE corrected at peak level 
for the whole brain). b) The interaction of Agent and Prediction Error Sign (([Self positive PE > Self 
negative PE] > [Other positive PE > Other negative PE]) resulted in activation of the angular gyrus, the 
bilateral NAcc/VS, the precuneus/ posterior cingulate cortex, and precentral gyrus (cluster-wise FWE 
corrected with p < .05 at a cluster forming threshold of p < .001 for displaying purposes). c) Parameter 
estimates correspond to the BOLD response to positive and negative PEs in bilateral NAcc/ VS [left: x, 
y, z: -9 20 -1; right: x, y, z: 12 20 -1]. The plot shows that positive relative to negative PEs increased the 
activity in NAcc/ VS only when learning about the own performance, but not when observing others. 
Colored bars indicate the first and third quartile of the data, the line marks the median, the cross marks 
the mean. Whiskers extend from the upper (lower) box borders to the largest (smallest) data point at 
most 1.5 times the interquartile range above (below) the respective border. Data with more extreme 
values than this are displayed as individual points. 
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Supplementary Figure 3.5.  Parameter estimates for the PE Valence effect in our predefined ROIs 
(amygdala, vAI, dAI, VTA/SN, and mPFC). Parameter estimates were derived from all voxels within 
each ROI and averaged across all voxels. Left and right amygdala, vAI, and dAI were combined 
bilaterally for displaying purposes. Dots show the data for individual subjects, grey bars show the first 
and third quartile, the cross marks the mean and the line the median. Whiskers extend from the upper 
(lower) box borders to the largest (smallest) data point at most 1.5 times the interquartile range above 
(below) the respective border. Data with more extreme values than this are displayed as individual 
points. All regions show variance between subjects in such a way that some individuals have positive 
values and other negative values indicating stronger activity scaling with more positive or more negative 
PEs, respectively. 
 
 
 
 

 
 
Supplementary Figure 3.6. Pupil diameter traces for the feedback phase (3 secs) for all four 
feedback conditions uncorrected for offsets at feedback start. The bold lines show pupil traces for 
Self and the dashed lines for Other. Red lines show pupil traces for feedback with positive PEs and blue 
lines for negative PEs.  
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Supplementary Figure 3.7. Visual representation of parameter recovery for mixed model effects 
in the pupil data. See Supplementary Note 3.6 for a detailed description. Empirical FFX estimates (as 
red dots) overlayed on top of violin plots of the recovered estimates; the means of the recovered 
parameters are displayed as empty black circles 
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Supplementary Figure 3.8. Correlation plots for parameter recovery analyses. Correlation plots 
between each set of recovered FFX and the corresponding parameter underlying the simulated data. 
Blue trend lines are slopes fitted by linear regression and shadings show the 95% confidence intervals 
for each trend line. See Supplementary Note 3.6 for a detailed description. 
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Supplementary Figure 3.9. Differences between recovered and underlying parameters for mixed 
model effects in the pupil data. a) Box plots for the differences between recovered and underlying 
parameters (FFX estimation error) for each fixed effect (intercept, signed PE, LRbias, unsigned PE, 
LRbias * signed PE) and all levels of tiling. b) Box plots for the absolute differences between recovered 
and underlying parameters (absolute FFX estimation error) for each fixed effect (intercept, signed PE, 
LRbias, unsigned PE, LRbias * signed PE) and all levels of tiling. Lower and upper box borders define 
the first and third quartile and the thick horizontal line within each box marks the median. Whiskers 
extend from the upper (lower) box borders to the largest (smallest) data point at most 1.5 times the 
interquartile range above (below) the respective border. Data with more extreme values than this are 
displayed as individual points. See Supplementary Note 3.6 for a detailed description. 
 
  

a 

b 
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Supplementary Figure 3.10. Brain mask of the 2nd level fMRI analyses. Brain coverage and signal 
loss was as expected for fMRI studies with preserved signal in our regions of interest. Red shading 
shows the whole brain mask as derived from the normalized EPI images across subjects, i.e. those 
voxels that show sufficient signal in all included individuals. Blue lines show the origin of each of the 
slices depicted within the respective MNI coordinate axis (z above and y below). 
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Supplementary Figure 3.11. Visual comparison of effects when assessing parametric weights 
separately or combined for positive vs negative feedback conditions: PE valance effects. a) PE 
valence effect for Self-Positive > Self-Negative. The flexible factorial model includes parametric weights 
for PEs for Self-Positive (1), Self-Negative (2), Other-Positive (3), and Other-Negative (4). The contrast 
PE valence for Self-Positive > Self-Negative is depicted and parameter estimates are shown for the 
peak voxel in the mPFC. The contrast combines two effects: The effect of PE valence for the Self-
Positive contrast entails the PE valence and also the PE surprise effect. The negative PE Valence effect 
of Self-Negative also entails the positive PE surprise effect. As PE surprise effects add up for the two 
conditions (Self-Positive and Self-Negative) and PE valence effects are subtracted here, the effect 
shown is therefore comparable to the PE surprise effect in our original analysis as indicated by the 
parameter estimates for the mPFC. Results are depicted for illustration purposes and visual comparison 
with our original analytical approach described in the 3.5 Methods section. The Other conditions are of 
no interest here. Parametric weights for PEs are coded as unsigned values in the GLM which explains 
the contrast weights in the Self-Negative condition (i.e. -1 codes more positive PEs). b) Shows the 
corresponding PE surprise effect in our current analyses for visual comparison (see also Figure 3.4). 
 
 

a b 
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Supplementary Figure 3.12. Visual comparison of effects when assessing parametric weights 
separately or combined for positive vs negative feedback conditions: PE surprise effects. a) PE 
surprise for Self-Positive > Self-Negative. The flexible factorial model includes parametric weights for 
PEs for Self-Positive (1), Self-Negative (2), Other-Positive (3), and Other-Negative (4). The contrast PE 
surprise for Self-Positive > Self-Negative is depicted and parameter estimates are shown for the peak 
voxel in the ventral striatum. The effect of PE surprise Self-Positive again entails PE valence besides 
the PE surprise effect and the negative PE surprise effect of Self-Negative also entails the positive effect 
of PE Valence. Here, PE valence effects add up and PE surprise are subtracted. Results are therefore 
comparable to the PE valence effect in our original analysis as indicated by the parameter estimates for 
the ventral striatum. Results are depicted for illustration purposes and visual comparison with our original 
analytical approach described in the 3.5 Methods section. The Other conditions are of no interest here. 
Parametric weights for PEs are coded as unsigned values which explains the contrast weights in the 
Self-Negative condition (i.e. -1 codes more positive PEs). b) Shows the corresponding PE valence effect 
in our current analyses (derived from Figure 3.4). 
 

a b 
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Supplementary Figure 3.13. Effects when assessing parametric weights separately for positive 
vs negative feedback conditions: Self-Negative > Self-Positive. a) PE valence for Self-Negative > 
Self-Positive, the opposite comparisons as shown in Supplementary Figure 3.11, did not yield any 
further effects b) PE surprise for Self-Negative > Self-Positive, the opposite comparisons as shown in 
Supplementary Figure 3.12, did not yield any further effects. The flexible factorial model includes 
parametric weights for PEs for Self-Positive (1), Self-Negative (2), Other-Positive (3), and Other-
Negative (4). Results are depicted for illustration purposes and visual comparison with our original 
analytical approach described in the 3.5 Methods section. The Other conditions are of no interest here. 
Parametric weights for PEs are coded as unsigned values which explains the contrast weights in the 
Self-Negative condition (i.e. -1 codes more positive PEs).  

 

 

Supplementary Notes 

Supplementary Note 3.1: Model free behavioral analyses reveal more negative self-

evaluation. 

First, we performed a model-free analysis to capture the basic effects observed in our 

behavioral data. Analyses of behavioral data and learning rates are based on the 

combined fMRI (n=39) and behavioral sample (n=30; total sample N=69). The Trial x 

Ability condition x Agent condition linear mixed model revealed a significant main effect of 

Ability condition (Ʃ=-20.54, t(68)=-13.45, p<.001, 95% CI=[-23.54; -17.55]) and interaction 

of Trial x Ability condition (Ʃ=-1.23, t(5240)=-36.55, p<.001, 95% CI=[-1.30; -1.16]), 

indicating that participants adapted their performance expectation ratings over time 

according to the feedback provided in each Ability condition (see Figure 3.1c). Moreover, 

there was a significant main effect of Agent condition (Ʃ=6.78, t(68)=6.52, p<.001, 95% 

CI=[4.74; 8.82]), indicating that participants evaluated their own performance more 

a b 
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negatively than the other®s performance. There was also a significant interaction of Agent 

condition x Ability condition (Ʃ=1.29, t(5240)=3.33, p<.001, 95% CI=[0.53; 2.05]). The 

three-way interaction of Trial x Agent condition x Ability condition (Ʃ=0.18, t(5240)=2.66, 

p<.001, 95% CI=[0.05; 0.31]) revealed a significant effect, hinting at differential learning 

patterns between the Ability conditions for Self vs. Other. 

Supplementary Note 3.2: Posterior predictive checks: Behavioral analyses on the 

predicted data. 

To assess whether our winning model captured the core effects in our model free analysis, 

we let the parametrized winning model predict the time course of EXP for each participant, 

and compared these model predictions against the actual data (see Figure 3.1c). Figure 

3.1c visually confirms the ability of the model to capture the observed data despite its 

small number of parameters. We repeated the behavioral analyses we had done on the 

actual behavioral data on the predicted data. The Trial x Ability condition x Agent condition 

linear mixed model on the predicted data revealed a significant main effect of Ability 

condition (Ʃ=-19.91, t(68)=-14.55, p<.001, 95% CI=[-22.59; -17.22]) and interaction of 

Trial x Ability condition (Ʃ=-1.29, t(5240)=-55.98, p<.001, 95% CI=[-1.34; -1.25]) replicating 

the effect that participants learned over time. More negative performance expectations 

for the self could also be replicated as indicated by the main effect of Agent (Ʃ=6.88, 

t(68)=6.50, p<.001, 95% CI=[4.80; 8.95]). The significant interaction of Agent condition x 

Ability condition (Ʃ=1.12, t(5240)=4.22, p<.001, 95% CI=[0.60; 1.65]) indicated differential 

ability beliefs between the Ability conditions for self vs other. Only the three-way interaction 

of Trial x Agent condition x Ability condition (Ʃ=0.04, t(5240)=0.88, p=.377, 95% CI=[-0.05; 

0.13]) failed to reach significance. The analysis largely repeats the behavioral analysis 

done on the model-free data onto the predictions thus confirming that it recapitulates the 

main effects in our data.  

Supplementary Note 3.3: Model parameter checks. 

To assess whether introducing w as an additional parameter compared to our previous 

publications (Müller-Pinzler et al., 2019) we assessed correlations between the same 

parameters from the simple Valence Model 5 and our winning Model 8. Parameter 

correlations were rather high (Valence Learning Bias: Ƹ=.87, p<.001, ƨSelf/PE+: Ƹ=.82, 

p<.001, ƨSelf/PE-: Ƹ=.86, p<.001) and we also found a similar negative Valence Learning 

Bias in both models (testing both Valence Learning Biases against zero: Model 8: 

mean=-.12, t=-2.97, p=.004; Model 5: mean=-.12, t=-3.13 p=.003) indicating that 

including w does not change the results or interpretation in a meaningful way. 

Supplementary Note 3.4: Neural activations associated with feedback processing indicate 

a specific role of Prediction Error Sign during self-related learning. 

To examine the brain processes that underlie how people form self- and other-related 

ability beliefs, we compared neural activation during feedback processing as measured 

with fMRI. On the subject level, the fixed-effects GLM assessing effects of the different 

feedback conditions included four epoch regressors modeling the hemodynamic 

responses to the different cue conditions (Ability: High vs. Low × Agent: Self vs. Other), 
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weighted with the performance expectation ratings per trial as parametric modulator for 

each condition. Four regressors modeled the four feedback conditions (Prediction Error 

Sign: Positive vs. Negative × Agent: Self vs. Other), each weighted with the PE value for 

each trial. Here, in line with the behavioral learning model, Prediction Error Sign does not 

correspond to Ability condition but refers to the categorical distinction between Feedback 

with positive PE vs negative PEs. One regressor modeled the performance expectation 

rating phase. The estimation periods for Self and Other were modeled as two regressors, 

and emotion ratings phase and the instruction phase as separate regressors. Each of the 

regressors was modeled with the exact duration as presented during the experiment: The 

cue phase was modeled with a duration of 2.5 secs, the expectation rating phase 

according to individual reaction times with a mean of 4.26 sec (SD=1.04), the estimation 

phase with 10 secs, the feedback phase with 3 secs, and the emotion rating phase with 

22.51 sec (SD=3.85). To account for noise due to head movement, six additional 

regressors modeling head movement parameters were introduced and a constant term 

was included for each of the two sessions. On the second level, beta images for the four 

feedback conditions were included in a flexible factorial design with two repeated 

measurement factors (Prediction Error Sign and Agent).  

We found that the bilateral insula, anterior cingulate cortex, and thalamus (amongst 

others, see Supplementary Figure 3.4 and Supplementary Table 3.7) were activated 

significantly more strongly for self-related compared to other-related performance 

feedback (i.e. Agent effect). This finding of heightened activity in brain regions that have 

been linked to arousal, but also to self-agency, potentially reflects a difference in the 

subjective salience of self- vs. other-related information (Craig, 2009a; Späti et al., 2014; 

Sperduti et al., 2011). Compared to feedback for the Self, feedback for the Other resulted 

in stronger activation of the left and right middle temporal gyrus and precuneus/ middle 

cingulate gyrus (Supplementary Table 3.7).  

Second, we compared self-related positive vs. negative feedback in order to examine how 

the valence of information affected neural processing (categorical Prediction Error Sign 

effect). We found significantly stronger activations of the left and right nucleus 

accumbens/ ventral striatum (NAcc/VS), bilateral angular gyrus, medial prefrontal cortex 

(mPFC), and precuneus/ posterior cingulate cortex (PCC) for positive Prediction Error 

Sign than for negative Prediction Error Sign (see Supplementary Table 3.7). This valence 

effect was unique for the processing of self-related information and did not emerge for 

other-related performance feedback (no significant clusters for the Prediction Error Sign 

effect for Other; p < .001). The opposite contrast, negative vs. positive Prediction Error 

Sign, yielded no significant activations, either for self-related or for other-related 

information. When testing the interaction of Agent x Prediction Error Sign, we found 

increased activation for self-related positive vs. negative feedback ([Self positive PE > Self 

negative PE] > [Other positive PE > Other negative PE]) in the angular gyrus (see 

Supplementary Table 3.7), and at a more lenient threshold also the bilateral NAcc/VS, the 

precuneus/ PCC, and precentral gyrus (cluster-wise FWE-corrected with p < .05 at a 
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cluster forming threshold of p < .001; see Supplementary Figure 3.4 and Supplementary 

Table 3.8).  

Supplementary Note 3.5: Specific associations of embarrassment and pride with neural 

activity in response to self-related PE valence 

To test whether embarrassment and pride had independent effects on neural activity in 

response to self-related PE valence within our predefined ROIs, we extracted parameter 

estimated for the effect of the parametric weights for PE valence for each whole ROI. 

Mean parameter estimates for the whole ROIs were then entered into regression models 

predicting the neural activity with both affect ratings simultaneously. We found 

independent effects of pride (Ʃ=0.36, t(36)=2.63, p=.012) and embarrassment (Ʃ=-0.39, 

t(36)=-2.82, p=.008; R2=.33, F(2,36)=8.94, p<.001) within the amygdala. We also found 

independent effects of pride (Ʃ=0.43, t(36)=3.17, p=.003) and embarrassment (Ʃ=-0.36, 

t(36)=-2.63, p=.013; R2=.36, F(2,36)=10.10, p<.001) within the dAI. For the vAI we found a 

significant effect of pride (Ʃ=0.38, t(36)=2.61, p=.013) and a trend-wise effect of 

embarrassment (Ʃ=-0.29, t(36)=-2.01, p=.052; R2=.26, F(2,36)=6.47, p=.004). Independent 

effects for pride (Ʃ=0.39, t(36)=2.85, p=.007) and embarrassment (Ʃ=-0.40, t(36)=-2.91, 

p=.006; R2=.36, F(2,36)=9.97, p<.001) were also present for the mPFC and we also found 

independent effects of pride (Ʃ=0.32, t(36)=2.39, p=.022) and embarrassment (Ʃ=-0.46, 

t(36)=-3.37, p=.002; R2=.36, F(2,36)=10.20, p<.001) for the VTA/ SN.  

Supplementary Note 3.6: Assessment of dependencies between PE surprise and PE 

valence for linear mixed model analyses 

The sizes of signed PEs (PE valence) and unsigned PEs (PE surprise) always matches, 

i.e. there are no instances, by definition, in which a large signed PE co-occurs with a small 

unsigned PE, or vice versa (¯tiling°). We, therefore, conducted some control analyses to 

assess whether the fixed effects (FFX) estimates obtained by fitting our mixed models are 

unaffected by this.  

We simulated 200 sets of new pupil dilation data for each subject for five different degrees 

of tiling of signed and unsigned PEs (see below). We then obtained FFX estimates from 

each of these 200 sets of simulated data to test whether the distributions of FFX estimates 

obtained by our mixed models were affected by tiling. For both data simulation and model 

estimation we used the same underlying model as used to analyze the empirical data 

reported in the manuscript. All simulations were based on the empirical data and the 

distributions of effect estimates (FFX and RFX) obtained from these data. This means that 

the RFX intercepts and noise component in the simulated data were generated by drawing 

from a normal distribution with zero mean and a standard deviation equal to the RFX 

intercepts and residuals, respectively, from our empirical models. We only changed the 

data for unsigned PEs before generating a new set of simulated data: precisely, to induce 

different degrees of tiling, we shuffled a subset of the empirical unsigned PEs on each 

simulation run. The subset was randomly selected from all 1440 data points on each 

simulation and different percentages of these data points were shuffled (0%, 25%, 50%, 

75%, or 100%). On each simulation run, we created a single set of new regression weights 



Study 2 

110 

 

for each participant which was then combined with each of the five levels of tiling to 

compute new data based on the first-level regression formulas. A noise component was 

added. Afterwards, these simulated datasets were analyzed with the same mixed model 

used in the manuscript, to recover FFX estimates for the parameters underlying each set 

of simulated data.  

First, we verified that the FFX recovered from simulated data were in a domain of 

parameter space that, as intended, coheres with our empirical FFX (see Supplementary 

Figure 3.7). T-tests showed no significant differences between empirical and recovered 

FFX (all p>.07, uncorrected). Moreover, no differences between levels of tiling were found 

for directed (all ps>.154) or absolute deviations (all ps>.184) of recovered from empirical 

FFX. Together, this demonstrates that recovered FFX were in realistic domains of 

parameter space, and independent of tiling levels. Second, we tested whether the FFX 

used for data simulation were positively correlated with the recovered FFX. To do so, we 

tested correlations between each set of recovered FFX (e.g., the intercepts) and the 

corresponding parameter underlying the simulated data (see Supplementary Figure 3.8). 

Here, all correlations were positive (all ps<.032, Holm-corrected), with the only exception 

being the FFX for unsigned PEs in a single level of shuffling (100%; completely even tiling), 

which just missed significance with p=.053. In a final step, we tested whether the degree 

of tiling affected the quality of FFX recovery. For each fixed effect (intercept, signed PE, 

Valence Learning Bias, unsigned PE, Valence Learning Bias * signed PE) we tested 

whether levels of tiling induced over- or underestimations of FFX (as compared to the 

parameters underlying the simulated data) by using the differences between recovered 

and underlying parameters as the dependent variable. No such effect was found for any 

of the five FFX (all p>.153; see Supplementary Figure 3.9). In a similar fashion, we tested 

whether the precision of FFX recovery was affected by levels of tiling by performing 

equivalent analyses of variance for the absolute differences between recovered and 

underlying parameters. Again, no such effect was found for any parameter (all p>.194; 

see Supplementary Figure 3.9). Together, our analyses demonstrate that differences in 

tiling of signed and unsigned PEs did not induce systematic biases during data simulation 

or the estimation of FFX from these simulated data. 
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Supplementary Tables 
 

Supplementary Table 3.1. PSIS-LOO Scores  

Model PSIS-LOO LOO-SE 
LOO-Diff  

(SE-Diff)  

% of        

k⅞ > 0.7 

No. Est. 

Parameters 

        

  
Mean Model (M0) -2644.4 319.7 1436.1 (142.8) 0.07 4 

        

 
Self = Other   

 
 

 

  
Unity Model (M1) -1801.3 396.5 593.0 (109.0) 0.47 5 

  
Context Model (M2) -1681.2 367.8 472.9 (80.6) 0.58 6 

  
Valence Model (M3) -1679.3 388.0 470.9 (93.9) 0.74 6 

        

 
Self Í Other 

     

  
Unity Model (M4) -1621.2 363.6 412.9 (75.5) 0.34 6 

  
Context Model (M5) -1599.9 372.6 391.6 (69.2) 1.43 8 

  
Valence Model (M6) -1346.4 333.6 138.1 (39.0) 0.53 8 

        

  
ext. Valence Model (M7) -1251.4 349.2 43.1 (16.7) 1.58 9 

  
ext. Valence Model (M8) -1208.3 357.7 - 1.39 9 

 
        

 

    

 Note. LOO = sum PSIS-LOO, approximate leave-one-out cross-validation (LOO) using Pareto-smoothed 

importance sampling (PSIS); LOO-SE = Standard error of PSIS-LOO; LOO-Diff (SE-Diff) = Difference 

in expected predictive accuracy (PSIS-LOO) for all models from the model with the highest PSIS-LOO 

(extended Valence Model M8) and standard errors of differences; percentage of kd - estimated shape 

parameters of the generalized Pareto distribution - exceeding 0.7 (all according to Vehtari et al., 2016; 

No. Est. Parameters = number of estimated parameters in the model. 
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Supplementary Table 3.2. Initial and final ability beliefs during the LOOP task. 

    
Initial Belief 

  
Final Belief 

  
Mean SD Mean SD 

  
 

  

Self     
 

  

 
High Ability 51.4 8.3 

 
61.1 15.7 

 

 
Low Ability  53.3 8.3 

 
30.7 13.8 

 
        

Other 
      

 
High Ability 57.1 6.3 

 
69.9 9.3 

 

 
Low Ability  58.9 5.9 

 
39.7 14.1 

 

        
Note. Mean performance expectation ratings for the first trial (inital belief) and for the 

last trial of the experiment (final belief) for each of the four Ability conditions. SD = 

standard deviation. 

 

  



Study 2 

113 

 

  
Model Parameters 

 
  SV1 SV2 SV3 SV4 ŬSelf/PE+  ŬSelf/PE-  ŬOther/PE+ ŬOther/PE- BiasSelf BiasOther 

M
o

d
e
l 
P

a
ra

m
e

te
rs 

SV1 
 

 0.58*  0.33* 0.13  0.34*  -0.34* 0.06 0.1  0.46* -0.01 

SV2  0.58* 
 

0.11  0.30* 0.12 -0.19 -0.16  -0.24* 0.23 0.16 

SV3  0.33* 0.11 
 

0.21 0.23 0.03  0.28*  0.32* 0.07 -0.11 

SV4 0.13  0.30* 0.21 
 

0.12  -0.27* -0.18  -0.31*  0.40* 0.14 

ŬSelf/PE+   0.34* 0.12 0.23 0.12 
 

0.11  0.45*  0.43*  0.52* 0.04 

ŬSelf/PE-   -0.34* -0.19 0.03  -0.27* 0.11 
 

0.17 0.19  -0.70* -0.08 

ŬOther/PE+ 0.06 -0.16  0.28* -0.18  0.45* 0.17 
 

 0.80* 0.06 0.14 

ŬOther/PE- 0.10  -0.24*  0.32*  -0.31*  0.43* 0.19  0.80* 
 

0.02  -0.40* 

BiasSelf  0.46* 0.23 0.07  0.40*  0.52*  -0.70* 0.06 0.02 
 

0.113 

BiasOther -0.01 0.16 -0.11 0.14 0.04 -0.08 0.14  -0.40* 0.11 
 

            

 
Supplementary Table 3.3. Pearson correlations for all model parameters of the winning Valence Model 8 as well 

as the Valence Learning Bias for Self and Other calculated from the learning rates as described in the methods 

section. * p<.05. 

 

 

 

 

 

 
Spearman Correlations 

  

Valence 

Learning Bias 

Embarrassment Pride Happiness Tension 

Valence Learning 

Bias 
 

  -0.24*     0.55** 0.23 -0.08 

Embarrassment  -0.24* 
 

-0.10 -0.07     0.53** 

Pride     0.55** -0.10 
 

   0.39** 0.20 

Happiness 0.23 -0.07     0.39** 
 

-0.07 

Tension -0.08     0.53** 0.20 -0.07 
 

            

Supplementary Table 3.4. Spearman correlations for all emotion ratings and the Valence Learning Bias. 

* p<.05; ** p<.01. 
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Supplementary Table 3.5. Activations Associated with PE Surprise 

Contrasts/ Brain regions Side 
Cluster 

Size 

MNI 

Coordinates T p 

x y z 

  
 

    

Self: PE Surprise 
 

    

 
Paracingulate Gyrus/ Superior Frontal Gyrus R/L 12 -6 50 20 5.75 .009 

 
Temporal Pole/ Frontal Orbital Cortex L 8 -39 17 -22 5.57 .014 

 
Superior Frontal Gyrus R 1 12 20 62 5.20 .037 

 
Temporal Pole/ Frontal Orbital Cortex L 1 -30 11 -28 5.10 .048 

         
Other: PE Surprise 

     

 
Temporal Pole/ Frontal Orbital Cortex L 16 -33 17 -28 6.90 .001 

 
Temporal Pole/ Frontal Orbital Cortex R 25 39 20 -28 6.75 .001 

 
Angular Gyrus/ Posterior Supramarginal Gyrus R 23 48 -46 26 6.48 .002 

 
Superior Frontal Gyrus/ Frontal Pole R/L 74 6 53 26 6.41 .002 

  
  -3 53 23 6.24 .003 

 
Frontal Pole/ Superior Frontal Gyrus R 3 9 47 47 5.50 .023 

 
Posterior Supramarginal Gyrus/ Angular Gyrus L 1 -51 -49 17 5.35 .033 

 
Temporal Pole R 1 48 17 -31 5.27 .042 

         
Note. PE surprise refers to the unsigned prediction error values as parametric modulator for the feedback 

phase. The p-values are FWE corrected at peak level for the whole brain. 
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Supplementary Table 3.6. Activations Associated with PE Valence 

Contrasts/ Brain Regions Side 
Cluster 

Size 

MNI 

Coordinates T p 

x y z 

  
 

    

Self: PE Valence 
 

    

 
Superior/ Middle Frontal Gyrus L 197 -15 29 53 7.07 <.001 

 
Middle/ Superior Frontal Gyrus 

  
-36 17 50 6.38 .002 

 
Middle Frontal Gyrus 

  
-39 23 38 5.75 .009 

 

Superior Parietal Lobule/Superior Lateral Occipital 

Cortex L 199 -36 -58 56 6.96 <.001 

 
Angular Gyrus/ Posterior Supramarginal Gyrus 

 
-45 -55 35 6.77 .001 

 
Caudate / Accumbens L 139 -9 20 -1 6.76 .001 

 
Caudate / Accumbens R 

 
12 17 -1 6.41 .002 

 
Superior Lateral Occipital Gyrus/ Angular Gyrus R 121 48 -61 41 6.48 .001 

 
Posterior Supramarginal Gyrus/ Angular Gyrus 

 
51 -46 47 6.34 .002 

 
Superior Parietal Lobule/ Angular Gyrus 

 
39 -55 56 5.44 .020 

 Postcentral Gyrus/ Superior Parietal Lobule L 50 -45 -34 56 6.08 .004 

 
Postcentral Gyrus/ Posterior Supragarginal Gyrus -45 -28 41 5.53 .016 

         
Self > Other: PE Valence 

     

 
Accumbens L 19 -9 26 -1 5.77 0.008 

 
Caudate/ Accumbens R 2 12 17 -4 5.23 0.034 

         

Note. PE valence refers to the signed prediction error values as parametric modulator for the feedback 

phase. The p-values are FWE corrected for the whole brain at peak level. Only clusters with more than 50 

voxels are reported for the Self: PE Valence contrast.  
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Supplementary Table 3.7. Activations Associated with Feedback Processing: Interaction of Agent * 

Prediction Error Sign 

Contrasts/ Brain Regions Side 
Cluster 

Size 

MNI 

Coordinates T p 

x y z 

  
 

    

Interaction: Self > Other, Positive > Negative 
 

    

 
Angular Gyrus/ Superior Lateral Occipital Cortex R 229 48 -58 41 5.28 .002 

    
57 -61 20 3.55 

 

 
Angular Gyrus / Superior Parietal Lobule L 303 -42 -55 44 4.78 .001 

 

 

  
-42 -55 53 4.76 

 

 
Angular Gurus / Posterior Supramarginal Gyrus -48 -55 29 4.57 

 

 
Putamen/ Pallidum R 380 18 5 -10 4.67 <.001 

 
Caudate / Accumbens R 

 
12 20 -1 4.56 

 

 
Caudate / Accumbens L 

 
-9 20 -1 4.55 

 

 
Precentral gyrus L 162 -18 -19 53 3.95 .008 

    
-27 -13 44 3.79 

 
    -24 -25 41 3.71  

 
Posterior Cingulate Gyrus/ Precuneous Cortex R/L 296 -15 -43 32 3.91 .001 

 
Precuneous Cortex/ Posterior Cingulate Gyrus 

 
-3 -58 35 3.87 

 

 
Posterior Cingulate Gyrus/ Precuneous Cortex 

 
6 -43 26 3.73 

 

 
Cerebellum Left Crus I / Crus II L 154 -12 -82 -25 3.73 .009 

 
Occipital Fusiform Gyrus / Cerebellum Left Crus I -30 -79 -1 3.69 

 

 
Occipital Fusiform Gyrus / Inferior Lateral Occipital Cortex -30 -85 -10 3.65 

 

         

Note. Cluster extents refer to p < .001, uncorrected and p-values are FWE corrected on the cluster level. 
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Supplementary Table 3.8. Differential Functional Connectivity of the Dorsal Anterior Insula Associated 

with PE Valence 

Covariates/ Regions of interest Side 
Cluster 

Size 

MNI 

Coordinates T p 

x y z 

  
 

    

PPI Right Dorsal Anterior Insula 
 

    

 
Amygdala R 6 33 -1 -31 4.46 .003 

  
L 2 -27 -4 -25 3.89 .013 

   
5 -24 2 -13 3.68 .022 

 
Ventral Tegmental Area/ Substantia Nigra R/L 5 -18 -16 -13 4.07 .015 

 

 

       

 
Medial Prefrontal Cortex R/L 11 -9 35 53 4.95 .005 

   
5 -6 59 26 4.62 .012 

PPI Left Dorsal Anterior Insula    
 

    

 
Amygdala L 3 -30 -4 -22 3.76 .019 

         

 
Ventral Tegmental Area/ Substantia Nigra R/L 3 -9 -13 -13 3.66 .042 

        
 

        

Note. Stronger functional connectivity for negative vs positive PEs for self- vs other-related feedback. 

The p-values are FWE corrected within ROIs at peak level.  

Supplementary Table 3.9. Sample Characteristics 

  
fMRI Sample   Behavioral Sample 

p  
Mean SD   Mean SD 

        

 
Age 22.30 2.65  23.30 3.97 .234 

 
Self-esteem 6.24 0.84 

 
6.07 1.26 .522 

      
  

      

Note. Sample characteristics for both samples. SD = standard deviation; fMRI Sample: 

n=39, Behavioral Sample: n = 30; p-value refers to a two-sample t-test, df = 67. 

 

Supplementary Data 

Supplementary Data 1 ² 3 can be found under the following link: 

Neurocomputational mechanisms of affected beliefs | Communications Biology 

(https://www.nature.com/articles/s42003-022-04165-3#Sec26) 

  

https://www.nature.com/articles/s42003-022-04165-3#Sec26
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4 Study 3 

Neurocomputational Mechanisms Underlying Maladaptive 

Self-Belief Formation in Depression3 

 

4.1 Abstract 

Maladaptive self-beliefs are a core symptom of major depressive disorder. These are 

perpetuated by negatively biased feedback processing. Understanding the 

neurocomputational mechanisms of biased belief updating may help to counteract 

maladaptive beliefs. The present study uses functional neuroimaging to examine neural 

activity associated with prediction error-based learning in persons with major depression 

and healthy controls. We hypothesized that increased symptom burden is associated with 

negatively biased self-belief formation and altered neural tracking of social feedback. 

Results showed that a higher symptom burden was associated with forming more negative 

self-beliefs and more positive beliefs about others. This bias was driven by reduced 

learning from positive prediction errors in depression. Neural reactivity of the insula 

showed increased tracking of more negative self-related prediction errors. The interplay 

of increased neural responsiveness to negative feedback and reduced learning from 

positive feedback may contribute to the persistence of maladaptive self-beliefs and, thus, 

the maintenance of depression. 

 

 

 

 

 

 

 

 

 

 

________________________ 
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Pinzler, L. (2024). Neurocomputational Mechanisms Underlying Maladaptive Self-Belief Formation in 
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4.2 Introduction 

Maladaptive, mostly negatively biased, and highly rigid self-beliefs are prominent in 

various mental disorders (Beck, 1976). Humans act on their beliefs as if they reflect reality 

(Bandura, 1977), which makes maladaptive beliefs a key maintaining factor (Beck, 1979). 

Self-beliefs and beliefs about the world are a product of our learning history and are 

constantly updated in the face of incoming information that deviates from expectations 

(Markus & Wurf, 1987), also called prediction errors (Friston, 2005; Rouhani et al., 2023). 

In the case of depression, maladaptive self-beliefs often revolve around low self-efficacy, 

for example, ¯I can't make it anyway° (Bandura et al., 1999; Hollon & Kendall, 1980). 

When the emphasis on this internal model is strong (Clark et al., 2018), one becomes 

insensitive to the context and may neglect contradictory positive feedback (Kube et al., 

2020; Villano & Heller, 2024). To understand the mechanisms of this maladaptive self-

belief formation, we assessed the processes underlying ongoing self-belief formation in a 

computational modeling approach (Müller-Pinzler et al., 2019, 2022) in individuals 

diagnosed with depression and healthy control participants in a functional magnetic 

resonance imaging (fMRI) study.  

Negative beliefs about oneself, the world, and the future are typical characteristics of 

depression, which are maintained by negatively distorted information processing (Beck, 

1963, 1964, 1979). Accordingly, a more negatively biased updating of beliefs about one®s 

future, abilities, or social popularity has been observed in experimental settings in 

depression (Garrett et al., 2014; Korn et al., 2014) or in association with depression-

related symptoms like low self-esteem (Müller-Pinzler et al., 2019; Will et al., 2020). More 

recently, mental disorders have been conceptualized as an interplay of maladaptive prior 

internal models with a maladaptive response to prediction errors (Clark et al., 2018; 

Stephan et al., 2016; Sterzer et al., 2018), which is the mismatch between prediction and 

actual outcome. The persistence of negative beliefs, in particular in depression, has been 

related to reduced updating after unexpected positive information (Kube et al., 2020). This 

has been shown, for example, after receiving self-related positive performance feedback 

(Kube et al., 2019) or unexpectedly positive social reactions in imagined situations 

(Everaert et al., 2018). A potential cognitive mechanism that might hinder the change of 

negative beliefs in the face of positively disconfirming information is ¯cognitive 

immunization° (Kube et al., 2019). This reflects the reappraisal of disconfirming feedback, 

such that feedback is devalued and people®s initial expectations are maintained. For 

example, people with depression could discount positive feedback by viewing it as an 

exception (e.g., ¯I was just lucky°) or doubting its credibility (e.g., ¯She was only nice to 

me because she wants my help°; Kube et al., 2019; Rief et al., 2015). In cognitive 

behavioral therapy, this process is referred to as cognitive distortion, ¯discounting the 

positive (Dobson & Dozois, 2021).° 

The experience of prediction errors is also an affective phenomenon (Barrett, 2017; Eldar 

et al., 2016), which is of particular importance in the context of belief updating in 

depression. Negative affect is one of the central depressive symptoms (American 

Psychiatric Association, 2022), and the individual®s current affective state shapes 
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expectations (Bennett et al., 2023), which thereby contribute to the formation of self-

beliefs (Bromberg-Martin & Sharot, 2020). This, in turn, shapes how the individual feels in 

a particular situation, which results in a recursive influence of affect and belief updating 

on each other (Bromberg-Martin & Sharot, 2020; Eldar & Niv, 2015). In this line, affective 

experiences during learning have been linked to biases in forming self-beliefs and neural 

processes (Müller-Pinzler et al., 2022). In this sense, individuals show less flexibility in 

adjusting their beliefs in a positive direction when in a low mood (Karnick et al., 2024; 

Kube et al., 2023). Accordingly, the effectiveness of psychological interventions can 

increase if, in addition to challenging maladaptive beliefs on a cognitive level, emotional 

meanings and in-session emotional experiences are also addressed (Samoilov & 

Goldfried, 2000). This illustrates the importance of the interplay of affect and cognitive 

strategies for changing maladaptive self-beliefs.  

The entanglement of forming self-beliefs and affective experiences also manifests on the 

neural systems level (Müller-Pinzler et al., 2022). Several studies in healthy samples could 

show that valence-dependent tracking of prediction errors in the ventral striatum (VS) was 

more robust for self-related than other-related information (Müller-Pinzler et al., 2022) and 

that the neural prediction error signal is associated with biases in updating self-beliefs 

(Kuzmanovic et al., 2016; Sharot et al., 2011). Dopaminergic regions such as the VS and 

also midbrain nuclei in the ventral tegmental area and substantia nigra (VTA/SN) are well 

described for coding prediction error signals (Diederen et al., 2016; Schultz, 1998). 

However, regions linked to affective experience and motivational processes are also 

involved in prediction error processing. The insula, involved in emotional processing and 

body sensations as well as attention and action monitoring (Koban & Pourtois, 2014; 

Müller-Pinzler et al., 2015; Touroutoglou et al., 2012), shows modulated neural prediction 

error signaling, especially if they convey negative information (Kumar et al., 2018; Mulej 

Bratec et al., 2015; Rothkirch et al., 2017; Seymour et al., 2005; Waltz et al., 2009). Also, 

the amygdala, which is linked to emotional learning (Murray, 2007; Phelps, 2006), is 

involved in tracking prediction errors (Kumar et al., 2008; McHugh et al., 2014; Seymour 

et al., 2005). Accordingly, the neural prediction error signals for self-related information in 

the anterior insula, the amygdala, and in the VTA/SN were associated not only with biased 

processes of self-belief formation but also with current affective states, which led to the 

idea of ¯affected beliefs° (Müller-Pinzler et al., 2022). 

In the context of depression, most studies focused on the neural processing of reward 

prediction errors and behavioral adaption following rewarding information unrelated to a 

self-belief (i.e., reward learning, Dayan & Niv, 2008). In line with the persistence of 

negative beliefs against conflicting positive information, many studies reported reduced 

reward learning in depression (Admon & Pizzagalli, 2015; Kumar et al., 2018; Robinson 

et al., 2012; Safra et al., 2019). However, other studies found no support for different 

reward learning (Brolsma et al., 2022; Gradin et al., 2011; Rothkirch et al., 2017; Rouhani 

& Niv, 2019) or prediction error-dependent fluctuation in state happiness between 

individuals with and without depression, indicating intact reward processing (Rutledge et 

al., 2017). At the neural systems level, studies found reduced reward-related prediction 
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error signaling in the ventral striatum (Gradin et al., 2011; Kumar et al., 2008, 2018; 

Robinson et al., 2012) and other brain regions, such as the ventral tegmental area (Kumar 

et al., 2018), anterior cingulate cortex, and hippocampus (Chen et al., 2015; Gradin et 

al., 2011; Kumar et al., 2008). However, effects were also mixed, and other studies 

reported unaltered reward prediction error signaling in depression (Rothkirch et al., 2017; 

Rutledge et al., 2017). In response to negative prediction errors, some studies reported 

increased activity (Ubl et al., 2014), while others did not (Kumar et al., 2018; Rothkirch et 

al., 2017).  

Concerning more specific updating of self-related beliefs regarding one®s future, 

depression was associated with greater tracking of negative prediction errors in the right 

inferior parietal lobule and inferior frontal gyrus (Garrett et al., 2014). In individuals with 

social anxiety, which is also characterized by negative self-beliefs (Heimberg et al., 2014) 

and often comorbid with depression (Adams et al., 2016; Kessler et al., 1999), activity in 

the insula mediated the effect of negative social feedback on self-belief updates (Koban 

et al., 2023). Hypersensitivity to negative information in the insula has also been reported 

for depression (Engelmann et al., 2017) and has been linked to the way emotions are 

processed in this condition (Mutschler et al., 2012; Sliz & Hayley, 2012). Moreover, the 

induction of negative affect increased reactivity to negative information in the insula (Harlé 

et al., 2012). 

While prediction errors are relevant for changing beliefs and learning from prediction 

errors has been widely studied in depression, the link to the formation of self-beliefs is still 

missing. The current study builds on previous work by applying a well-established 

computational approach of trial-by-trial self-belief formation, the Learning Of Own 

Performance (LOOP) task (Czekalla et al., 2021; Müller-Pinzler et al., 2015, 2019, 2022), 

to a clinical sample with depression. To understand the mechanisms of how people arrive 

at their maladaptive self-beliefs, we aimed to test whether 1) depression is related to 

biased updating of self-beliefs, as opposed to updating beliefs about another person, and 

2) whether this is underpinned by altered neural prediction error processing in individuals 

diagnosed with depression. To test these hypotheses, we followed a two-step procedure 

for our analyses. After a group comparison approach with participants diagnosed with 

depression vs. healthy controls, we followed a transdiagnostic dimensional approach 

following the recommendations of the Research Domain Criteria guidelines (Brolsma et 

al., 2022; Insel et al., 2010). In line with negative self-beliefs and distorted information 

processing in depression, we expected more negatively biased processes of belief 

formation, specifically if the information is related to the self. As we previously showed 

associations between prediction error processing and biased self-belief formation and 

affect in the insula, VTA/SN, and amygdala using the same paradigm (Müller-Pinzler et al., 

2022), we expected depression-related alterations in these regions. In line with other 

studies on reward learning and depression, we included the ventral striatum as a region 

of interest (ROI). The results show that a higher symptom burden is associated with 

forming more negative self-beliefs and more positive beliefs about others. Neural activity 
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of the insula showed increased tracking of more negative self-related prediction errors but 

no difference in tracking positive prediction errors. 

4.3 Results 
 

Measuring neural processes of belief formation 

Participants diagnosed with depression (n=35) and healthy control participants (n=32) 

completed the Learning Of Own Performance (LOOP) task (Müller-Pinzler et al., 2019, 

2022) in the MRI (for sample characteristics, see Supplementary Table 4.1). In the LOOP 

task, participants were asked to estimate specific attributes of objects (e.g., the height of 

buildings or the weight of animals). By incorporating manipulated performance feedback, 

participants were led to form novel beliefs about their own (Self) or another person®s 

(Other) estimation abilities. The other person allegedly performed the task simultaneously 

in an adjacent room outside the MRI. At the beginning of each trial, a screen displayed 

the estimation category of the upcoming trial. It indicated whether participants had to 

perform a Self-trial or an Other-trial, followed by a rating of expected performance. On a 

trial-by-trial basis, participants received manipulated performance feedback that was 

more positive in one condition and negative in the other, allowing for an assessment of 

learning biases during belief formation (Figure 4.1A). This resulted in four feedback 

conditions: Agent (Self vs. Other) x Ability (High Ability vs. Low Ability, Figure 4.1B).  

As in previous studies, participants adjusted their expected performance ratings 

according to the feedback over time, i.e., they formed novel beliefs about their own and 

another person®s ability (Figure 4.1C, Supplementary Note 4.1, Supplementary Table 4.2). 

To describe the belief formation process, we modeled the changes in participants® 

expected performance through updates from prediction errors (Lockwood & Klein-Flügge, 

2020). The central variable of interest here is the learning rate, i.e., the extent to which 

prediction errors are weighted to make an update. Consistent with our previous studies, 

the winning model included distinct learning rates for positive (LR+) and negative (LR-) 

prediction errors, separately for Self and Other, allowing a valence- and agent-specific 

description of belief updating (factors Prediction error valence [PE Val] and Agent; for a 

more detailed description of this model and the whole model space, see Methods section 

and Supplementary Table 4.3. For model comparison results in the total sample and the 

subsamples, see Supplementary Note 4.2 and Supplementary Table 4.4; for correlations 

of model parameters, Supplementary Figure 4.10). This model was selected for further 

analysis. To measure biased learning, we aggregated the learning rates into a Valence 

Bias Score VBS = (LR+ - LR-)/ (LR+ + LR-), separately for Self and Other, as in previous 

studies (Müller-Pinzler et al., 2019, 2022). We assessed self-reported symptom burden 

with a general measure of depressive symptoms (Schmitt et al., 2003) as well as a more 

specific measure of the cognitive symptoms of depression (Pössel et al., 2005). To 

address symptom burden in a broader context, we additionally assessed symptoms of 

social anxiety (Stangier et al., 1999) and self-esteem (Marsh & O®neill, 1984) as 

transdiagnostic markers, already proven to bias self-belief formation behavior (Müller-

Pinzler et al., 2019). Variability in the severity of self-reported symptoms was well 
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explained by a single principle component (83% variance explained) reflecting general 

depressive and socially anxious psychopathology, akin to other recent advances (Hoven 

et al., 2023; Seow et al., 2021; Will et al., 2017), see 4.5 Methods section and Figure 

4.1E). 

Negativity bias in self-belief formation in individuals with and without depression 

Both groups showed a negativity bias in forming novel self-beliefs, which replicated 

previous studies using this task (Czekalla et al., 2021; Müller-Pinzler et al., 2019, 2022). 

This bias means that learning rates were lower with positive than negative prediction 

errors. It was not present when participants formed beliefs about the other person®s ability 

(PE_Val x Agent interaction: t(195)=-3.29, p<.001, negativity bias: post-hoc LR[-]Self vs 

LR[+]Self; t(66)=4.78, p<.001). Between groups, there was no difference in the overall 

extent of learning (main effect Group t(65)=-.30, p=.764) and no difference in the extent 

of the negativity bias (PE_Val x Agent x Group interaction: t(195)=.18, p=.861; Figure 

4.1C and D, Supplementary Table 4.5). This suggests that people diagnosed with 

depression did not differ from healthy people when forming novel beliefs in response to 

the feedback received. The negativity bias in both groups, which may be due to rather 

negative prior beliefs regarding their estimation abilities and negative affect elicited by the 

performance context of the setting (Müller-Pinzler et al., 2022), demonstrates the 

susceptibility to biases in self-related information processing. 

Biased belief updating is linked to symptom burden 

When addressing biased belief formation and symptom burden from a dimensional 

perspective, we found that learning biases were associated with self-reported symptoms. 

With higher scores in psychopathology, participants learned more negatively about 

themselves (VBSSelf) but more positively about others (VBSOther, Agent x Psychopathology 

interaction: t(65)=-2.03, p=.047, Figure 4.1F, Supplementary Table 4.6). This relative 

devaluation of one®s performance in comparison to another person has been described 

to play an essential role in both the etiology and maintenance of depression (McCarthy & 

Morina, 2020; Swallow & Kuiper, 1988; Weary et al., 1987). 

In the absence of group differences during belief formation, this effect suggests that 

within-group variance is particularly important. While many studies of depression only 

examine subclinical depression in healthy samples, we were able to look at the distribution 

of symptom burden in both groups. Our findings suggest that the association of negatively 

biased processes of belief formation with increased symptom burden was mainly driven 

by the clinical sample (VBSSelf: rMDD=-.43, rCON=.05, difference z=-1.99, p=.047; 

Supplementary Note 4.4, Supplementary Figure 4.1). This highlights the importance of 

including individuals with more pronounced symptoms when examining biases in belief 

formation in depression. 

Disregard of positive information in association with symptom burden 

Within the clinical sample, symptom burden was more strongly linked to a lower learning 

rate for positive prediction errors than to a higher learning rate for negative prediction 

errors (MDD: rLR[+]Self=-.51, rLR[-]Self=.03; difference of absolute values: z=2.1, p=.036, 
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Figure 4.1G, Supplementary Figure 4.2, for more detailed correlations with symptoms 

scores, see Supplementary Figure 4.3). This implies that people with more severe 

symptoms made fewer belief updates after positive prediction errors, which may drive the 

association of symptom burden and biased learning.  

 
Figure 4.1. Trial sequence of the Learning Of Own Performance task, experimental conditions, and 
behavioral results. A Sequence of One Trial. 1.) Condition Cue: estimation category (e.g., weights) 
paired with either high or low ability feedback and agent, 2.) Rating of expected performance, 3.) 
Estimation question, 4.) Feedback. B Low and High Ability conditions of alleged estimation performance 
for Self and Other (Agent condition) were presented in pseudo-randomized order. Feedback with 
controlled prediction errors: High Ability: 70 %, Low Ability: 30 % of the trials with planned positive 
prediction errors (the actual percentage of positive/ negative prediction errors could slightly differ, e.g., 
if the feedback had been out of range). C Predicted and actual ratings of expected performance for both 
groups over time. The ratings indicate that participants update their expected performance (solid lines) 
according to the feedback, thus forming a belief about the performance levels in the different estimation 
categories. The winning model's predicted values (dashed lines) with separate learning rates for Agent 
and Prediction error valence captured the participantsô behavior, as indicated by a close match of actual 
ratings and predicted values. D Learning rates of the winning model show a bias towards increased 
updating in response to negative prediction errors (-) in contrast to positive prediction errors (+), 
specifically for self-beliefs in both groups. Colored bars indicate the first and third quartile of the data; 
the line marks the median. Whiskers extend from the upper/ lower box borders to the largest/ smallest 
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data point at most 1.5 times the interquartile range above/ below the respective border. MDD=Major 
Depressive Disorder (n=35), CON=control group (n=32). E Factor loadings of the principal component 
analysis, by which one factor, a summary measure of symptom burden, was extracted from the 
questionnaire variables (Automatic Thought Questionnaire, ATQ; Pössel et al., 2005; Beckôs depression 
inventory, BDI-V; Schmitt et al., 2003; Self-Description Questionnaire-III, SDQ-III subscale scores; 
Marsh & Oôneill, 1984; Social Interaction Anxiety scale, SIAS; Stangier et al., 1999). SS = sum of 
squares. F Valence Bias Score (LR[+] ï LR[-])/ (LR[+] + LR[-]) as a function of the Psychopathology 
score and Agent. A significant Agent x Psychopathology interaction shows more negatively biased 
updating for Self and more positively biased updating for Other with more symptom burden. Lines for 
displaying purposes. G Correlation of the positive learning rate (LR[+]) and the Psychopathology score 
in the clinical sample. Spearman correlation coefficient, line for displaying purposes. 

 

Neural tracking of negative prediction errors in depression and association with affective 

experience 

We examined the neural processing of self-related prediction errors to further understand 

the biased formation of self-beliefs. Individuals who updated their beliefs more positively 

(positive learning rate; LR[+]) also had stronger activity in the VTA/SN ROI after 

experiencing positive prediction errors (categorical PE_Val effect, Spearman correlation 

between averaged parameter estimates within ROI r=.33, p=.006). Individuals who 

updated their beliefs more negatively (negative learning rate; LR[-]) had stronger activity 

in the VTA/SN, insula, and amygdala ROIs during negative prediction errors (Spearman 

correlations within ROIs rsÓ.27, psÒ.029, see Supplementary Figure 4.5). This 

demonstrates the link of neural prediction error signals and behavioral updating of self-

beliefs. 

When comparing individuals with depression and healthy controls, a significant Group x 

PE Valence interaction in the right ventral and posterior insula indicated an imbalance of 

negative relative to positive prediction errors signaling in the clinical sample, but not in 

healthy controls (continuous PE effect, psÒ.030 family-wise [FWE] corrected at peak level 

within ROIs, Figure 4.2, Supplementary Table 4.8, for baseline activations of continuous 

PE effect see Supplementary Table 4.7). We found no difference between study groups 

in the association of neural activity with more positive self-related prediction errors (with 

p<0.05 FWE-corrected at peak level for all ROIs). This suggests that during the formation 

of novel self-beliefs, surprisingly positive feedback is processed similarly in individuals with 

and without depression. However, compared to control participants, individuals with 

depression showed stronger activity in the right dorsal, ventral, and posterior insula as 

well as in the VTA/SN with more negative prediction errors (two-sample t-tests, psÒ.046 

within ROIs, see Supplementary Table 4.8). This is in line with a generally stronger tracking 

of negative compared to positive prediction errors in the insula (Supplementary 

Figure 4.6) and suggests that individuals with depression are more sensitive to negative 

prediction errors at the neural level. In contrast, the processing of positive prediction 

errors is unaltered.  
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In addition, stronger activity in the same regions (right dorsal, ventral, posterior insula) 

with more negative prediction errors was accompanied by decreased happiness 

(Spearman correlation between averaged parameter estimates within all three ROIs rs Ó 

-0.33, ps  .029; Supplementary Figure 4.7). This finding of reduced positive affect during 

the processing of negative prediction errors is of particular importance in the context of 

affective disorders, as it is included in various psychological models of depression as a 

sustaining element in the vicious circle (Gross & Muñoz, 1995; Lewinsohn, 1974; Maier & 

Seligman, 1976; Smith et al., 2018). Stronger neural responsivity to more negative 

prediction errors and more negative affective responses could, therefore, influence each 

other and maintain the generally lower positive affect in individuals with depression during 

task performance (Supplementary Table 4.9). 

 

Figure 4.2. Differential insula tracking of prediction error valence in depression. The interaction 
(MDD[PE-]>MDD [PE+])>(CON [PE-]>CON [PE-]) shows a greater difference between PE- vs. PE+ in 
the MDD compared to the CON group (dorsal: t=2.90, p=.070, ventral: t=3.35, p=.029, posterior: t=3.17, 
p=.030, FWE corrected within ROIs at peak level). CON=control group (n=32), MDD=Major Depressive 
Disorder (n=35). The plot depicts the parameter estimates of the Group [CON, MDD] x PE Valence 
[PE+, PE-] interaction at peak level for the three regions of interest in the right insula. Brain plot: 
uncorrected p<0.05 within ROI for display purposes; see Supplementary Table 4.8 for FWE corrected 
statistics. 

 

Neural tracking of negative prediction errors is linked to biased belief formation and 

symptom burden 

In line with the results from the group comparison, symptom burden was associated with 

stronger responses to more negative prediction errors within the right dorsal and posterior 

insula (Spearman correlation with Psychopathology score within ROIs rsÓ.26, psÒ.037). 

Stronger responses in the right dorsal insula with more negative prediction errors were 

also associated with a more negatively biased self-belief formation (VBSSelf r=-.24, 

p=.046), replicating previous findings (Müller-Pinzler et al., 2022). Neither levels of 

symptom burden nor the Valence Bias Score were significantly associated with neural 

activity in any of the ROIs with more positive prediction errors (Supplementary Figure 4.9). 
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These results suggest that a stronger tracking of negative prediction errors in parts of the 

insula accompanies more biased belief updating and higher symptom burden. 

4.4 Discussion 

In the present study, we used neurocomputational methods to examine the mechanisms 

that underlie the altered processing of self-related feedback in the formation of 

maladaptive self-beliefs in depression. To promote a transdiagnostic dimensional 

approach, we recruited a naturalistic clinical sample of individuals diagnosed with 

depression, including comorbidities of social anxiety, and examined the symptom burden 

dimensionally. Our data suggest that the combination of stronger neural reactivity of the 

insula during self-related negative prediction errors, together with greater neglect of self-

related positive prediction errors during the updating process, might play a key role in the 

maintenance of maladaptive self-beliefs in depression. Our results provide new insights 

into cognitive distortions and the persistence of negative self-beliefs as important 

characteristics of the psychopathology of depression. 

Behaviorally, the results replicate previous findings of a negativity bias in the formation of 

novel self-beliefs (Czekalla et al., 2021; Müller-Pinzler et al., 2019, 2022), both for 

individuals with depression and healthy controls. This bias is absent when participants 

form beliefs about others, highlighting the specificity of the valence bias for processing 

self-related information (Müller-Pinzler et al., 2022). While other studies report a positivity 

bias when updating self-beliefs about one®s future (Sharot et al., 2011; Sharot & Garrett, 

2016; Vandendriessche & Palminteri, 2023), personality (Korn et al., 2012), intelligence, 

or appearance (Eil & Rao, 2010; Villano et al., 2023), we find a negativity bias, which 

aligns with other studies using task-specific performance feedback (Brotzeller & 

Gollwitzer, 2024; Ertac, 2011; Zamfir & Dayan, 2022). This suggests that contextual 

effects, such as whether study participants learn about an ability vs. their personality, 

might impact the direction of learning biases. Besides the effects of the context, prior 

beliefs and confidence might be linked to the formation and revision of self-beliefs. 

Although the dimensional approach suggests an association between depressive 

symptoms and biased belief formation, the simple group comparison demonstrates that 

individuals with depression are not fundamentally different from control participants in 

terms of how they form novel self-beliefs in this performance context. While some studies 

report less positive self-belief updating in samples with depression (Korn et al., 2014; Kube 

et al., 2019), other studies, particularly those that employ reward learning tasks, also do 

not find group differences in reward learning rates (Brolsma et al., 2022; Rothkirch et al., 

2017; Rouhani & Niv, 2019). In addition to contextual effects like task selection, the 

sample's composition may be an important factor related to the extent of learning bias and 

differences between groups. The present findings indicate that, even in a depressive state, 

people can acquire novel beliefs about their abilities in a way that does not categorically 

distinguish them from people without this diagnosis. 

In the dimensional approach, the results indicated that individuals with higher depressive 

and social anxiety-related symptom burden exhibited more negatively biased self-belief 

formation. In contrast, they formed their beliefs about others in a positively biased manner. 
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This aligns with other studies linking biased self-belief updating to symptom burden 

(Engelmann et al., 2017; Everaert et al., 2018, 2020; Korn et al., 2014; Safra et al., 2019). 

The diminished value one places on one's accomplishments relative to others, along with 

the affective response to this self-esteem-debilitating social comparison, has been 

identified as a symptom-maintaining factor in depression (McCarthy & Morina, 2020). 

In the absence of group differences, this effect highlights the importance of considering 

within-group variance in symptom burden. Diagnostic categories summarize a 

heterogeneous symptom constellation and have been criticized as non-distinct and not 

reflecting the continuous nature from at-risk through mild to severe symptoms (Hyman, 

2021; Roefs et al., 2022). Furthermore, comorbidities are common (Kessler et al., 2005). 

This means that heterogeneity in symptoms must be considered in clinical samples, 

especially in naturalistic samples, including comorbidities, as in the current study. A 

dimensional approach with a naturalistic sample considers the continuous nature of 

psychopathology and increases ecological validity (Morrison et al., 2003). The results 

indicate that the correlation between symptom burden and negatively biased self-belief 

formation was mainly driven by the clinical sample. Therefore, it is necessary to include 

individuals with clinically relevant symptom burden. Also, within the facets of 

psychopathology, those targeting specific symptoms such as negative thoughts or self-

esteem were more likely to yield associations with biased learning, which may provide 

evidence for focusing on symptoms rather than categories. 

In the clinical sample, the bias in belief formation is driven by reduced learning from 

positive self-related prediction errors. One explanation for this finding can be that reduced 

attention is allocated to positive feedback (Joormann & Quinn, 2014; Sears et al., 2011). 

An alternative explanation is that cognitive mechanisms are actively involved in devaluing 

positive feedback, resulting in a cognitive immunization against it (Kube, 2023). Future 

studies may employ experimental manipulations to modulate feedback value and 

attentional allocation as well as measure the evaluation of feedback and the attentional 

focus (potentially using eye-tracking) to further disentangle these possibilities. Addressing 

these aspects will provide a more nuanced understanding of the underlying cognitive 

processes contributing to the observed bias in self-belief formation. Overall, these results 

suggest that sensitivity to context decreases with increasing symptom burden, possibly 

due to an overemphasis on an already established negative internal model. This means 

that less is learned from positive prediction errors, and beliefs are biased towards prior 

belief models in a confirmatory way (Klayman, 1995; Palminteri & Lebreton, 2022). 

This finding may have important clinical implications for psychotherapy. Rather than 

directly challenging the negative self-concepts of patients with depression (e.g., by 

cognitive restructuring), they can be supported in becoming more context-sensitive so 

that positive feedback that contradicts the internal model can be incorporated. This might 

be done by practicing skills that help to become less reactive to established negative self-

beliefs, e.g., defusion in Acceptance and Commitment Therapy (ACT; Hayes et al., 1999) 

or detached mindfulness in Metacognitive Therapy (Wells, 2011) and more sensitive to 

the present context, e.g., mindfulness skills in ACT or mindfulness-based cognitive 
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therapy (Segal et al., 2018). To update a maladaptive belief, it may be necessary for a 

therapist to thoroughly examine the meaning attributed to new experiences and identify 

potential cognitive distortions, such as retrospectively devaluing positive experiences. 

These mechanisms can be discussed with patients as a factor that maintains a negative 

self-image. Second, patients may be empowered that meeting the diagnostic criteria for 

a particular disorder does not necessarily mean that they are fundamentally different in 

their ability to form new self-beliefs. This can be important, for example, when introducing 

new antidepressant activities where new self-beliefs need to be built.  

On the neural system level, we found that the insula is associated with stronger tracking 

of negative prediction errors in the clinical sample compared to the control group. There 

was no group difference for positive prediction errors. Tracking of negative prediction 

errors was also associated with symptom burden. The stronger neural response to 

negative prediction errors is in line with a general neural sensitivity to negative (social) 

prediction errors in the insula (Garrison et al., 2013; Müller-Pinzler et al., 2022; Wächter 

et al., 2009), as well as a stronger insula reactivity specifically in samples with depression 

(Engelmann et al., 2017) or social anxiety (Heitmann et al., 2014; Koban et al., 2023). 

This effect could be explained by an attentional bias in individuals with depression 

(Donaldson et al., 2007; Joormann & Quinn, 2014) in an affect-congruent way (Bennett 

et al., 2023), with either a faster orientation (Sears et al., 2011) or longer maintenance of 

attention to negative feedback (Eizenman et al., 2003; Koster et al., 2005). Since the 

insula reactivity to more negative prediction errors is associated with less positive affect 

during task performance in the present experiment, the detected group difference might 

also reflect stronger emotional responsivity in individuals with depression. This would be 

in line with the idea of affected beliefs (Müller-Pinzler et al., 2022) and corresponds to the 

generally reduced positive affect in individuals with depression during the task. 

Accordingly, earlier studies found stronger reactions to negative emotional stimuli in 

individuals with depression together with reduced cognitive emotion regulation strategies 

like reappraisal (Joormann & Gotlib, 2010) and, therefore, include affective responses in 

models of depression (Smith et al., 2018). 

The stronger neural and possibly affective reaction to more negative self-related feedback 

can also be discussed in the context of emotional schemas and their role in shaping 

emotional responses. Emotional schemas are formed by connecting highly arousing 

emotional events (Rouhani et al., 2023) to the resulting emotional reactions (Greenberg, 

2010). They can be triggered by learned signs associated with the events, resulting in 

automatic, rapid, and exceptionally intensive emotional responses (Greenberg, 2010). 

Depression is more likely related to early maladaptive schemas rooted in a learning history 

of negative experiences, such as social devaluation in response to failure (Bishop et al., 

2022; Rezaei et al., 2016). Therefore, individuals may have emotional schemas that are 

particularly sensitive to negative self-related feedback, which results in a stronger 

emotional response and, thus, an overall lower positive affect during task performance. 

This stronger reaction could be an expression of a stronger emphasis on these previously 

established negative internal models, making it more difficult to process external stimuli 
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that contradict them. To better understand task-specific negative affective reactions to 

self-related feedback, trial-by-trial fluctuations in happiness or other task-relevant self-

conscious emotions like pride (Stolz et al., 2020) or embarrassment (Müller-Pinzler et al., 

2015) should be measured in future studies.  

Clinical implications of the neurocomputational findings: When patients are particularly 

sensitive to negative feedback, in addition to psychoeducation about emotions and 

emotional schemas, the finding of increased activation in the insula can be used to 

contextualize and validate the patient®s emotional experiences. Subsequently, as 

mentioned above, skills to reduce emotional reactivity can be trained. Our findings of 

uncompromised processing of positive prediction errors in the VS or VTA/SN are in line 

with several other studies in depression, which show unaltered VS activity in reward 

learning tasks. Together with the above finding of similar learning in both groups, our 

results question the widespread hypothesis of altered VS reactivity and prediction error 

learning deficits in depression (Admon & Pizzagalli, 2015; Russo & Nestler, 2013; Whitton 

et al., 2015). The results suggest that the neural processing of positive self-related 

prediction errors as a basis for forming novel positive self-beliefs is unaltered, at least at 

this initial stage of processing in depression.  

How can we interpret the reduced belief updating in the clinical sample following positive 

prediction errors while the neural tracking of positive prediction errors is unaffected?  

A possible explanation is timing: the neural response is measured when feedback is given. 

The belief update may occur at a later stage, somewhere in between feedback, feedback 

processing, interpretation, and indication of the new expectation. As such, belief updates 

measured in behavior may represent an amalgam of several trials. In this case, cognitive 

appraisal mechanisms might have come into play. We also assume that stronger negative 

affective reactions in individuals with depression further promote cognitive distortions like 

cognitive immunization and, thus, influence self-ratings even in positive conditions.  

The focus of the learning task used is on the formation of relatively novel beliefs (Krach et 

al., 2024). We selected estimation entities in which most people do not have strong prior 

beliefs regarding their ability. Although participants diagnosed with depression had lower 

overall self-esteem before the task, their prior beliefs about their estimation abilities were 

not significantly different. So, we can look at the underlying mechanisms of how people 

arrive at their beliefs and show that depressive symptomatology has an impact already at 

this stage. Although established, internal models can potentially influence the process of 

belief updating, the little prior experience that people typically have, e.g., in estimating the 

weight of animals, and thus the lower confidence in their self-beliefs prior to the task, is 

different from stable maladaptive beliefs that have been formed over time and 

continuously reinforced by symptom-maintaining behaviors. To experimentally address 

the revision of established beliefs to better map psychotherapy processes, future studies 

could use tasks that address more global negative self-beliefs with high confidence levels. 

Alternatively, the initial belief formation task could be followed by another session to 

challenge established beliefs again. Also, negative feedback during social interaction 

could be used to map the negative learning experience of many people with depression 
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more closely, which might activate maladaptive self-beliefs more strongly. This could 

further improve the translational nature of future work. 

In conclusion, the present study sheds light on the neurocomputational mechanisms that 

contribute to maladaptive self-belief formation in depressive psychopathology. The results 

emphasize a heightened neural response to more negative self-related feedback in the 

insula and a potentially more emotional response that, together with less consideration of 

positive feedback, promotes more biased self-belief formation in depression (Figure 4.3). 

The study highlights the importance of accounting for within-group variance and symptom 

burden in a clinically relevant symptom range. Insights from the interaction between 

cognitive processes, affective experiences, and symptom burden towards forming 

maladaptive self-beliefs can be of great importance for future therapeutic intervention 

strategies. 

 

Figure 4.3. Schematic model of belief formation in relation to increasing depressive social anxiety 
symptom burden. Prediction error: Trial-by-trial positive and negative prediction errors were presented 
as social performance feedback in a belief updating task. Symptom burden: combined measure of 
Beckôs depression inventory (Schmitt et al., 2003) as a general measure of depressive symptoms, 
Automatic Thought Questionnaire (Pössel et al., 2005) as a measure of cognitive symptoms of 
depression, as well as self-esteem (Marsh & Oôneill, 1984), and social anxiety (Stangier et al., 1999) as 
transdiagnostic measures. Neural and affective response to feedback: Stronger activity within the insula 
with more negative prediction errors is associated with higher symptom burden. Stronger insula activity 
is also linked to less positive affect. Cognitive response and belief update: Fewer belief updates following 
positive prediction errors in the clinical sample might reflect the bias of cognitive immunization against 
unexpected positive feedback. Time: suggested interpretation of an initial neural and affective response 
during feedback presentation and possible downstream cognitive mechanisms with subsequent belief 
updating. All of this together might contribute to more biased beliefs with higher symptom burden. 
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4.5 Methods 

Participants 

The study was approved by the ethics committee of the University of Lübeck, was carried 

out in accordance with the ethical guidelines of the American Psychological Association, 

and all participants gave written informed consent. All participants were adults above the 

age of 18 and fluent in German. The goal in recruiting the clinical sample was to obtain a 

naturalistic sample with variance in depressive and social anxiety symptoms. Inclusion 

criteria were a diagnosis of depression (F32.1/2, F33.1/2); comorbid symptoms of social 

anxiety (F40.1, F60.6) were preferentially included but were not a necessary inclusion 

criterion. Exclusion criteria were acute suicidality, an acute psychotic state, schizophrenia, 

schizotypal disorder or delusional disorder, bipolar disorder, primary diagnosis of 

substance abuse or substance dependence, narcissistic, histrionic, or borderline 

personality disorder, and neurological disease. The clinical sample (n=35, 9 females, aged 

20²55 years; M=34.23; SD=10.54) was recruited from the Department of Psychiatry and 

Psychotherapy at the university clinic Lübeck. Twenty-eight were outpatients, seven 

inpatients. Twenty-seven of the outpatients were in a day treatment program for 

depression (8 weeks, weekday mornings to afternoons) with multi-professional therapy. 

All patients received psychotherapy, and n = 28 received additional pharmacotherapy. 

Measurement day was, on average, 2.4 weeks (SD = 2.0) after admission to the clinic. 

When recruiting the control group, group-wise pairing of age and gender distribution was 

aimed at. Subjects of the control group (n=32, 10 females, aged 18²55 years; M=34.25; 

SD=10.23, no group differences in age or gender distribution p>.8, Supplementary Table 

4.1) were recruited at the university campus of Lübeck or via public notices. The exclusion 

criterion was mental illness or neurological disease. In a telephone interview before the 

study, the subjects were screened for symptoms of depression, and in the second part, a 

general screening for other mental illnesses was conducted. Screenings were adapted 

from a structured interview (Wittchen et al., 1997). Two individuals had to be subsequently 

excluded despite screening due to clinically relevant BDI scores (> 35). We initially 

recruited 85 participants in total but had to exclude 18 participants. In the clinical sample, 

we excluded five due to technical problems, four due to premature termination of the 

study, and two participants who did not attentively complete the task until the end (e.g., 

ratings indicated that they stopped responding). In the control group, we excluded three 

participants who did not believe the cover story of the task and/ or did not attentively 

complete the task; one was excluded due to technical problems, one due to a premature 

termination of the study, and two due to high BDI scores as mentioned above.  

Learning Of Own Performance task 

The Learning Of Own Performance (LOOP) task allows participants to gradually learn 

about their own or another person®s purported ability to estimate various properties 

through performance feedback after each trial. The task was previously introduced and 

validated in behavioral and fMRI studies on healthy participants (Czekalla et al., 2021; 

Müller-Pinzler et al., 2019, 2022). Two participants were invited to participate in the study 
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covered as an experiment on cognitive estimation; one performed the task in the scanner, 

and the other as a behavioral study (data not included). When a second participant was 

unavailable, a confederate was presented and allegedly placed in the adjacent room to 

participate in the behavioral study. The participants were informed that they would take 

turns with the other individual, either actively performing the task themselves (Self 

condition) or observing the other person's performance (Other condition). The task 

involved estimating different attributes in four estimation categories: house height, animal 

weight, vehicle distance, and food quantity. After each estimation trial, participants 

received manipulated performance feedback. In two estimation categories, the feedback 

was related to one®s own performance and, in the other two, to the other person®s 

estimation performance. One of the two estimation categories for each agent was 

associated with predominantly positive feedback (High Ability condition), while the other 

was linked to mostly negative feedback (Low Ability condition). Estimation categories were 

counterbalanced between Ability conditions and Agent conditions. This resulted in four 

feedback conditions (Agent [Self vs. Other] x Ability [High vs. Low]) with 20 trials each. 

The trials of all conditions were intermixed in a fixed order with a maximum of two 

consecutive trials of the same condition. Performance feedback presented after every 

estimation trial indicated the participant®s or the other person®s current estimation 

accuracy as percentiles compared to an alleged reference group of 350 former 

participants (e.g., ¯You are better than 94% of the reference participants¯; see Figure 

4.1). The feedback was defined by a sequence of predetermined prediction errors 

concerning the participants® current beliefs about their abilities. The current belief was 

calculated as the average of the last five performance expectation ratings per category, 

which started at 50% before participants rated their performance expectations. This 

procedure led to varying feedback sequences between participants while ensuring that 

the prediction errors remained mostly independent of the participants® performance 

expectations and that negative and positive prediction errors were relatively equally 

distributed across groups and conditions (MDD Self: mean positive PE = 14.2, SD = 1.5 

(mean frequency = 20.4); mean negative PE = ī12.8, SD = 1.8 (mean frequency = 19.1); 

MDD Other: mean positive PE = 13.6, SD = 1.3 (mean frequency = 19.0); mean negative 

PE = ī14.0, SD = 1.8 (mean frequency = 20.3), CON Self: mean positive PE = 13.9, SD 

= 1.4 (mean frequency = 20.2); mean negative PE = ī13.2, SD = 1.4 (mean frequency = 

19.3); CON Other: mean positive PE = 13.8, SD = 1.7 (mean frequency = 18.7); mean 

negative PE = ī13.5, SD = 1.2 (mean frequency = 20.7), no group differences in mean 

PE for all four PE conditions, all p > 0.2). At the beginning of each trial, a cue was 

presented indicating the estimation category (e.g., height) and the agent assigned for that 

trial (e.g., You). Participants were then asked to provide their expected performance for 

that specific trial on a scale with the same percentiles used for feedback. To enhance 

motivation and encourage honest responses, participants were informed, as part of the 

cover story, that accurate expected performance ratings would be rewarded with up to 6 

cents per trial, that is, the closer their expected performance rating matched their actual 

feedback percentile, the more money they would receive. After each performance 
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expectation rating, the estimation question was presented for 10 seconds. During the 

estimation phase, continuous response scales under the pictures defined a range of 

plausible answers for each question. Participants indicated their responses by moving a 

pointer on the response scale using an MRI-compatible computer mouse. Subsequently, 

feedback was presented for 3 seconds (Figure 4.1A). Jittered inter-stimulus-intervals 

were presented following the cue (mean: 4*TR (0.992 s), range: 2²6*TR), estimation 

(mean: 4.5*TR, range: 2.5²6.5*TR), and feedback phase (mean: 6*TR, range: 4²8*TR) 

for the fMRI task with jitters distributed in a uniform distribution with steps of 0.5*TR. 

During the task, participants rated their current levels of embarrassment, pride, 

happiness, and stress/ arousal on a continuous scale ranging from not at all (coded as 0) 

to very strong (coded as 100). Emotion ratings were presented four times, each following 

a trial of one of the four experimental conditions (Self/Other, High/Low). The two 

happiness ratings following Self-trials were averaged to receive a measure of a general 

affective experience following self-related feedback. All stimuli were presented using 

MATLAB (Release 2015b, The MathWorks, Inc.) and the Psychophysics Toolbox 

(Brainard, D. H. [1997]. The Psychophysics Toolbox. Spatial Vision, 10, 433²436). The 

fMRI task was completed in two separate approximately 25-minute sessions with a short 

break in between. 

Before starting the experiment, demographic data and a self-esteem personality 

questionnaire (Self-Description Questionnaire-III, SDQ-III subscale scores; Marsh & 

O®neill, 1984) were retrieved. Following the task, participants completed questionnaires 

addressing the symptom burden, including Beck®s depression inventory (BDI-V; Schmitt 

et al., 2003), Automatic Thought Questionnaire (ATQ; Pössel et al., 2005), and the Social 

Interaction Anxiety Scale (SIAS; Stangier et al., 1999).  

Statistical analysis 
  

Behavioral data analysis and modeling. First, we checked for group differences in prior 

beliefs (Supplementary Note 4.5, Supplementary Table 4.10) and other setting 

characteristics at the start (Supplementary Table 4.11). Then, we ran a model-free 

analysis on the participants® expected performance ratings for each trial. We employed a 

linear mixed model with a maximum likelihood estimation. The model included the factors 

Ability (High vs. Low) x Agent (Self vs. Other) x Group (MDD vs. CON) and Trial (20 trials) 

as continuous predictors. Intercept, Ability, Agent, Trial, and Group were modeled as fixed 

effects; the intercept was additionally modeled as a random effect (Supplementary Note 

4.1, Supplementary Table 4.2). 

After the model-free analyses, dynamic changes in performance expectation ratings were 

modeled using prediction error delta-rule update equations (adapted Rescorla²Wagner 

model, Rescorla & Wagner, 1972). The model space and the procedure of model fitting 

and selection have been implemented and further developed in our previous studies 

(Müller-Pinzler et al., 2019, 2022). For the learning models the following equation was 

used (EXP = Performance expectation rating, FB = feedback, PE = prediction error, ƨ = 

learning rate): 
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 EXPt+1 = EXPt + ƨ PEt; while PEt = FBt - EXPt 

The model space consisted of three main models, each with different assumptions 

regarding biased updating behavior when forming novel beliefs (for model space, see 

Supplementary Table 4.3). The simplest learning model (Unity Model) employed a single 

learning rate for all conditions for each participant, thus assuming no learning biases. The 

Valence Model included separate learning rates for positive (LR+) and negative prediction 

errors (LR-) across both ability conditions, suggesting that the valence (positive vs. 

negative) of prediction errors influences belief formation. The Ability Model incorporated 

distinct learning rates for each ability condition, indicating context-specific learning. In 

addition, learning rates were either estimated separately for Self vs. Other (Models 4, 5, 

6, and 7) or across Agent conditions (Models 1, 2, and 3). The Valence Model with 

separate learning rates for Self vs. Other (Model 5), which was the winning model in our 

first studies (Müller-Pinzler et al., 2019), was further extended by adding a weighting 

factor. This factor reduced the learning rates when feedback values approached the 

extremes of the scale (percentiles close to 0% or 100%, Model 7), assuming that 

participants would perceive extreme feedback to be less likely than average feedback 

(Kube et al., 2022). Since many variables encountered in everyday life approximately 

follow a normal distribution where extreme values are less probable, we assigned the 

relative probability density of the normal distribution to each feedback percentile value. A 

weighting factor w was fitted for each individual, indicating how strongly the relative 

probability density reduced the learning rates for feedback further away from the mean. 

The Weighted Valence Model was the winning in our last study (Müller-Pinzler et al., 

2022). The normal decay (ND) weighted by the weighting factor w was introduced in the 

learning models in the following way: 

 EXPt+1 = EXPt + ƨ PEt (1 - w ND) 

The initial beliefs about the own and the other participant®s performance (EXP1) were 

estimated as free parameters separately for Self and Other in both Ability conditions, 

resulting in four additional model parameters. To compare whether the participants® 

performance expectation ratings can be better explained in terms of prediction error 

learning compared to assuming stable values within each ability condition, we included a 

simple Mean Model with a mean value for each task condition (Model 8). 

Model fitting. For model fitting, we used the R package ­RStan® (Stan Development Team 

[2022]. RStan: the R interface to Stan. R package version 2.21.7. https://mc-stan.org/). It 

employs Markov chain Monte Carlo (MCMC) sampling algorithms. Each participant®s 

learning parameters for all models of the model space were individually fitted. A total of 

2400 samples were drawn after 1000 burn-in samples (overall 3400 samples thinned with 

a factor of 3) in three MCMC chains. Posterior parameter distributions were sampled for 

each participant. We assessed whether MCMC chains converged by inspecting Ὑ values 

for all model parameters (Gelman & Rubin, 1992). Effective sample sizes neff of model 

parameters (effective number of independent draws from the posterior distribution) were 

typically greater than 1500 (for most parameters and subjects). To obtain a single 
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parameter value per participant for the group statistics, posterior distributions for all 

parameters for each participant were summarized by their mean. 

Model selection. To select the model that best described the course of our performance 

expectation ratings, pointwise out-of-sample prediction accuracy was estimated by 

approximating leave-one-out cross-validation (LOO; Vehtari et al., 2017). LOOs were 

calculated for all fitted models separately for every participant using Pareto smoothed 

importance sampling (PSIS) with the log-likelihood from the posterior simulations of the 

parameter values (Vehtari et al., 2016). We calculated Ὧ values, the estimated shape 

parameters of the generalized Pareto distribution, a measure of the reliability of the PSIS-

LOO (see Supplementary Table 4.4 for sum LOO Scores, Ὧ values, and difference scores 

of PSIS-LOO in contrast to the winning model). Only a few trials resulted in insufficient 

parameter values for Ὧ and thus potentially unreliable PSIS-LOO scores. Bayesian Model 

Selection on PSIS-LOO scores was performed on the group level for the whole sample 

and both sub-samples (Rigoux et al., 2014) using MATLAB (Release 2019b, The 

MathWorks, Inc.). It provides the protected exceedance probability for each model (pxp), 

indicating the likelihood of a given model explaining the data better than all other models 

in the comparison set. The Bayesian omnibus risk (BOR) quantifies the posterior 

probability that model frequencies for all models are equal. To assess whether the winning 

model captured the effects in the behavioral data, we repeated the model-free analysis 

(Supplementary Note 4.1) with the data predicted by the winning model; here, the 

Weighted Valence Model (Supplementary Note 4.3). 

Capturing symptom burden. For a dimensional perspective on depression, we assessed 

the severity of depressive symptoms with the BDI-V as a general measure of depressive 

symptoms, as well as the ATQ as a more specific measure of the cognitive symptoms of 

depression. To address symptom burden in a broader context, we additionally assessed 

symptoms of social anxiety with the SIAS and self-esteem with SDQ-III subscale scores 

as a transdiagnostic measure since we could show a relationship with belief updating 

behavior and these two concepts in a previous study (Müller-Pinzler et al., 2019). To 

reduce dimensionality, we ran a principal component analysis on our questionnaire data 

using the R package ®psych® (varimax rotation, component scores based upon the 

structure matrix [default], William Revelle (2023). psych: Procedures for Psychological, 

Psychometric, and Personality Research. Northwestern University, Evanston, Illinois. R 

package version 2.3.3, https://CRAN.R-project.org/package=psych). We extracted one 

component as a combined measure of depressive and socially anxious psychopathology 

(Figure 4.1E). 

Statistical analyses of learning parameters. To test whether the updating of self-beliefs 

was different between groups, learning rates of the winning models for positive (LR+) and 

negative prediction errors (LR-, factor Prediction error valence, PE_Val) and for Self and 

Other (factor Agent) were compared between the two groups in a PE_Val x Agent x Group 

linear mixed model. To associate learning biases with symptom burden, we computed a 

Valence Bias Score for Self and Other that captured a bias in belief updating as a 
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difference between the positive and negative learning rate, VBS=(LR[+] ² LR[-])/ (LR[+] + 

LR[-]) (Müller-Pinzler et al., 2019, 2022; Niv et al., 2012), and calculated an Agent x 

Psychopathology score linear mixed-effects model. For a more detailed understanding of 

the relationship between biased belief updating and symptom burden, we additionally 

performed Spearman correlations between the Psychopathology score and the Valence 

Bias Score as well as the two separate self-related learning rates LR[+] and LR[-] within 

the two sub-samples. We compared the correlation of the Psychopathology score and the 

Valence Bias Score between the MDD and CON groups to see which group drives the 

effect. Since we had a particular interest in the relationship between the Psychopathology 

score and the self-related positive learning rate as a potential measure of cognitive 

immunization against positive feedback, we additionally tested the absolute correlation 

parameter of LR[+] and Psychopathology against the one with LR[-] within the clinical 

sample (R package ­cocor® that implemented to correlation comparison approach by 

Pearson and Filon, 1898; Diedenhofen, B. & Musch, J. (2015). cocor: A Comprehensive 

Solution for the Statistical Comparison of Correlations. PLoS ONE, 10(4): e0121945). 

Statistical tests were performed two-sided. Statistical analyses on the behavioral data 

were performed using R (R Core Team [2022]. R: A language and environment for 

statistical computing. R Foundation for Statistical Computing, Vienna, Austria. 

https://www.R-project.org/).  

fMRI data acquisition. FMRI data were collected at the Center of Brain, Behavior, and 

Metabolism at the University of Lübeck, Germany, using a 3 T Siemens MAGNETOM 

Skyra scanner (Siemens, München, Germany) with 60 near-axial slices. In each of the two 

experimental sessions, 1516 functional volumes (min=1400, max=1724) were acquired 

on average using echo planar imaging (EPI, TR=0.992 s, TE=28 ms, flip angle=60°, voxel 

size= 3×3×3mm3, simultaneous multi-slice factor 4). A high-resolution anatomical T1 

image was obtained for normalization purposes (voxel size =1×1×1mm3, 192 × 320 × 320 

mm3 field of view, TR=2.300 s, TE=2.94 ms, TI=900 ms; flip angle=9°; GRAPPA factor 2; 

acquisition time 6.55 min). 

FMRI data analyses. FMRI data were preprocessed and analyzed with Statistical 

Parametric Mapping 12 (SPM12, Wellcome Trust Centre for Neuroimaging, University 

College London). Field maps were recorded to obtain voxel displacement maps (VDMs) 

to correct for geometric distortions. EPIs were slice-time corrected, motion-corrected, and 

unwarped using the corresponding VDMs, co-registered with the T1 image, and 

normalized using the forward deformation fields as obtained from the unified segmentation 

of the anatomical T1 image. The normalized volumes were resliced with a 2×2×2 mm3 

voxel size and smoothed using an 8mm, full-width-at-half-maximum isotropic Gaussian 

kernel. Functional images were high-pass filtered at 1/384 to remove low-frequency drifts. 

A two-level, mixed-effects procedure was implemented for the statistical analyses. On the 

first level, a fixed-effects GLM included four regressors for the cue conditions (Ability: High 

vs. Low × Agent: Self vs. Other), weighted with the performance expectation ratings per 

trial as parametric modulator, four regressors for the feedback conditions (Agent: Self vs. 
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Other × PE_Val: positive [+] vs. negative [-]), weighted with PE magnitude per trials 

(continuous effect of the unsigned PE values), one regressor for the performance 

expectation rating phase, two for the estimation period for Self and Other, and one for the 

emotion rating phase. Parametric modulators were not orthogonalized; thus, each only 

explained their specific variance. Regressors were modeled with the duration as 

presented during the experiment (cue phase: 2.5s, performance expectation rating: 

individual reaction times with M=4.0s, SD=2,4, estimation phase: 10s, feedback phase: 

3s, emotion rating phase: M=26.2s, SD=10.1). Six additional regressors were included to 

correct for head movement, and one regressor was included with a constant term for each 

of the two sessions. 

On the second level, we first compared the brain activity for self- vs. other-related positive 

and negative prediction errors in the feedback phase in a flexible factorial design 

(regressor for the four conditions Agent: Self x Other, PE_Val: PE[+] x PE[-], 

Supplementary Figure 4.4) and checked whether the brain activity in the positive self-

related PE condition (categorical effect) correlates with LR[+]Self and for the negative PE 

condition with LR[-]Self within our predefined ROIs. For this, parameter estimates of all 

voxels within one ROI were extracted, averaged, and correlated. 

Second, the tracking of positive and negative self-related prediction errors captured by 

the parametric modulator of PE magnitude (continuous effect) was compared between 

the MDD and CON group with a two-sample t-test within our ROIs (for the distribution of 

parameter estimates; see Supplementary Figure 4.8). To test whether the difference 

between the tracking of positive and negative prediction errors is stronger in the clinical 

compared to the control sample, we additionally checked the PE Valence x Group 

interaction in a flexible factorial design within our ROIs. To assess correlations with the 

Psychopathology score, the Valence Bias Score, and the happiness ratings, parameter 

estimates of all voxels within one ROI were extracted and averaged as mentioned above. 

The selection of regions of interest was guided by our previous fMRI study with a healthy 

sample using the same paradigm (Müller-Pinzler et al., 2022). As the insula, with its 

suggested role as an integrative hub for motivated cognition and emotional behavior, has 

emerged as particularly relevant in this study, it was again defined as an ROI. We used 

unilateral insula ROIs with their dorsal, ventral, and posterior part as described in the 

three-cluster solution of Kelly and colleagues (Kelly et al., 2012). Other ROIs that were 

motivated by this study are in the amygdala (two unilateral ROIs from the AAL atlas 

definition in the WFU PickAtlas, Tzourio-Mazoyer et al., 2002) and an anatomically defined 

VTA/SN ROI, dopaminergic nuclei in the midbrain (probabilistic atlases of the midbrain; 

Adcock Lab; Ian C. Ballard, Vishnu P. Murty, R. McKell Carter, Jeffrey J. MacInnes, Scott 

A. Huettel and R. Alison Adcock, 2011; Murty et al., 2014). Since altered prediction error 

processing in the ventral striatum has been discussed a lot in the context of depression, 

a functional ROI within the ventral striatum (according to the SPM anatomy toolbox) 

capturing the processing of prediction error valence was additionally defined as ROI. It 

derived from a family-wise error p<.05 corrected baseline effect of the continuous signed 

self-related prediction errors of our previous study (Müller-Pinzler et al., 2022).  
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FMRI results were family-wise error (FWE) corrected at peak level for the whole brain or 

within the ROIs. Coordinates are reported in the MNI space. Anatomical labels of all 

resulting clusters were derived from the SPM Anatomy toolbox, version 3.0 (Eickhoff, S. 

B., Stephan, K. E., Mohlberg, H., Grefkes, C., Fink, G. R., Amunts, K., & Zilles, K. [2005]. 

A new SPM toolbox for combining probabilistic cytoarchitectonic maps and functional 

imaging data. Neuroimage, 25(4), 1325-1335). 
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4.7 Supplementary Information 

Supplementary Notes 

Supplementary Note 4.1: Model-free behavioral analyses. 

We performed a model-free analysis on our performance expectation ratings over time to 

capture the basic effects of belief updating in our observed data and compare it between 

the two groups. The Trial x Ability condition x Agent condition x Group linear mixed model 

showed a significant main effect of Ability condition (t(5279) = 4.4, p < .001) and 

interaction of Trial x Ability condition (t(55279) = 10.3, p < .001), indicating that 

participants adapted their performance expectation ratings according to the presented 

feedback in each Ability condition (see Figure 4.1C). Moreover, there was a significant 

main effect of Agent (t(5279) = -2.9, p = .004) and a significant interaction of Trial x Agent 

(t(5279) = -2.6, p = .010), indicating that participants evaluated their performance 

increasingly more negatively over time than the other®s performance. The main effect of 

Group and all interactions including Group were not significant (for a full results table, see 

Supplementary Table 4.2). 

Supplementary Note 4.2: Model comparison. 

Model 8, including separate learning rates for positive and negative prediction errors for 

Self vs. Other, received the highest sum PSIS-LOO score (approximate leave-one-out 

cross-validation [LOO] using Pareto smoothed importance sampling [PSIS], Vehtari et al., 

2016) out of all models (for the structure of the model space see Supplementary Table 

4.3, for all PSIS-LOO scores, see Supplementary Table 4.4). In addition, Bayesian model 

selection (Rigoux et al., 2014) in the whole sample and the clinical and control sub-sample 

resulted in a protected exceedance probability of pxp > .999 for this model and a Bayesian 

Omnibus Risk of BOR < .001. The expected model frequency was 55.07 (MDD: 27.51, 

CON: 27.48). Thus, the Weighted Valence Model was selected for all further analyses of 

learning parameters, allowing for a comparison of valence-specific learning rates (for 

parameter correlations, see Supplementary Figure 4.10). 

Supplementary Note 4.3: Posterior predictive checks: Behavioral analyses on the 

predicted data. 

We repeated the analyses (Supplementary Note 4.1) with the predicted data from the 

winning model to see whether our winning model captured the core effects in our model-

free analysis. We could reproduce all effects from the model-free data with the predicted 

data (main effect Ability condition: t(5279) = 4.04, p < .001, main effect Agent condition: 

t(5279) = -4.09, p < .001, interaction Trial x Ability condition: t(5279) = 14.2, p < .001, 

interaction Trial x Agent condition t(5279) = -2.51, p = 0.012). This confirms that the 

winning model recapitulates the main effects in our data. 
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Supplementary Note 4.4: Stronger correlation between biased belief updating and 

symptom severity within the clinical sample compared to control. 

Following the significant Agent x Psychopathology interaction (see Results section), a 

closer look at the distribution of the Psychopathology score and biased learning within 

groups suggests that the effect of increasingly biased updating behavior with increasing 

symptom severity is mainly driven by the clinical sample. Here, the correlation coefficients 

for the self-related Valence Bias Score indicate a significantly more negative relationship 

with levels of psychopathology in the clinical sample compared to the control group 

(ƸMDD = -0.43, ƸCON = 0.05, z = -1.99, p = 0.047). This difference does not reach 

significance for the other-related Valence Bias Score (ƸMDD = 0.36, ƸCON = 0.02, z = 

1.4, p = 0.161). This demonstrates the importance of including individuals with clinically 

relevant symptom severity in the samples when studying psychopathological syndromes. 

Supplementary Note 4.5: Group differences in global but not in specific prior beliefs. 

Before comparing the process of belief formation between the two groups, we checked if 

there were already group differences in participants® prior beliefs regarding their 

estimation abilities. Individuals with depression showed a lower evaluation of their abilities 

in general (SDQ-III, t(45.06) = 8.23, p <. 001) as well as their general estimation ability 

before the task (t(62.15) = 2.1, p = 0.04). However, when asking more specifically for the 

performance in a certain estimation category in the upcoming first trial, there were no 

group differences, neither for self (t(55.82) = 1.83, p = .072) nor for other-related prior 

beliefs (t(59.35) = 1.39, p = .17). This allows for a comparison of the learning process 

between groups independently of the prior beliefs (for a complete table of prior beliefs with 

group comparisons see Supplementary Table 4.10). 

 

Supplementary Figures 

Association of Valence Bias Scores for Self and Other with Psychopathology 
scores separately for both groups 

Supplementary Figure 4.1. Spearman correlation between Valence Bias Score (LR+ - LR-)/ (LR+ + 
LR-) for Self and Other with Psychopathology score for MDD and CON group. MDD = Major depressive 
disorder, CON = Control, * p < .05, x FDR corrected. 
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Association of self-related learning rates and Psychopathology scores 
separately for both groups 

Supplementary Figure 4.2. Spearman correlation between self-related learning rates for positive (PE+) 
and negative prediction errors (PE-) with Psychopathology score for MDD and CON group. MDD = Major 
depressive disorder, CON = Control, * p < .05, x FDR corrected. 

 

 

Supplementary Figure 4.3. Spearman correlation between the Valence Bias Score (LR+ - LR-)/ (LR+ 
+ LR-) for Self and Other as well as the self-related learning rates for positive (PE+) and negative 
prediction errors (PE-) with the separate elements of the Psychopathology score: Beckôs depression 
inventory (BDI-V, Schmitt et al., 2003), Automatic Thought Questionnaire (ATQ, Pössel et al., 2005), 
Social Interaction Anxiety scale (SIAS, Stangier et al., 1999), Self-Description Questionnaire-III (SDQ-
III subscale scores, Marsh & Oôneill, 1984). MDD = Major depressive disorder, CON = Control, * p < .05. 

  

.10 

.10 
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Supplementary Figure 4.4. Neural activations associated with prediction error processing (categorical 
PE effect) in the feedback phase. Replication of a previous study (Müller-Pinzler et al., 2022). a) Self-
related feedback vs. other-related feedback was associated with increased activation of the bilateral 
insula cortex, frontal orbital cortex, cingulate gyrus, supramarginal gyrus (p < .05, FWE corrected at 
peak level for the whole brain). b) The interaction of Agent and Prediction Error Valence ([Self PE+ > 
Self PE-] > [Other PE+ > Other PE-]) resulted in activation of the bilateral VS, precentral/ postcentral 
gyrus, left hippocampus (p < .05, FWE corrected at peak level for the whole brain). Anatomical labels 
were derived from the SPM Anatomy Toolbox Version 3.0. c) Means and standard errors of parameter 
estimates corresponding to the BOLD response to positive and negative PEs in the right VS: More 
activity in VS for positive relative to negative PEs only when seeing self-related feedback, but not when 
observing others.  
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Association of learning rates and brain activity for positive and negative 
prediction errors

 

Supplementary Figure 4.5. Spearman correlation between learning rates for self-related positive (PE+) 
and negative prediction errors (PE-) and brain activity within ROIs in response to PE+ and PE- 
(categorical PE effect). * p < .05, x FDR corrected. 
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Supplementary Figure 4.6. Neural activation associated with negative compared to positive prediction 
error processing (continuous PE Valence effect). a) Processing of self-related negative prediction errors 
(PE-) relative to positive prediction errors PE+ was associated with increased activation of the superior 
frontal gyrus, paracingulate/ cingulate gyrus, frontal orbital cortex, operculum/ insula cortex (p < .05, 
FWE corrected at peak level for the whole brain). Anatomical labels were derived from the SPM Anatomy 
Toolbox Version 3.0. 
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Association of happiness and brain activity for positive and negative prediction 
errors 

 

Supplementary Figure 4.7. Spearman correlation between the happiness ratings and brain activity 
within ROIs in response to more positive and negative prediction errors (continuous PE effect). * p < .05. 
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Supplementary Figure 4.8. Parameter estimates for the processing of positive and negative prediction 
errors (continuous PE Valence effect) in the regions of interest (ROIs: VS = ventral striatum, ins = insula 
cortex, Amy = amygdala, D = dorsal, V = ventral, P = posterior, R = right, L = left). Parameter estimates 
were derived from all voxels within each ROI and averaged across all voxels. Dots = data point from 
individual subject, center line of the box = median, edge lines of the box = first/ third quartile, Whiskers 
= largest/ smallest data point at most 1.5 times the interquartile range above/ below the respective 
border. 
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Association of psychopathology and self-related learning bias with brain 
activity for positive and negative prediction errors 

Supplementary Figure 4.9. Spearman correlation between the Valence Bias Score VBS = (LR+ - LR-
)/ (LR+ + LR-), as well as the Psychopathology score and brain activity within ROIs in response to more 
positive and negative prediction errors (continuous PE effect). * p < .05. 
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Correlation of model parameters 
 

Supplementary Figure 4.10. Spearman correlation of model parameters for the winning model. EXP1 
= estimated first expected performance for the two ability conditions (H = high, L = low), separately for 
Self and Other. LR = learning rates for positive (LR+) and negative prediction errors (LR-), separately 
for Self and Other. w = weighting factor. * p < .05. 
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Supplementary Tables 

Supplementary Table 4.1. Sample characteristics - group comparison 

  CON MDD t-test 

  M SD M SD t(65) p Cohen's d 

Age 34.25 10.23 34.23 10.54 0.01 0.995 0 

BDI sum 13.88 8.00 53.91 12.00 -15.92 <.001 -3.85 

SIAS 

mean 0.90 0.41 1.98 0.73 -7.38 <.001 -1.78 

ATQ mean 1.87 0.29 3.49 0.55 -14.84 <.001 -3.59 

Note. Group comparison of sample characteristics using a two-sample t-test. Beckôs depression 

inventory (BDI-V, Schmitt et al., 2003, items on a 6-point Likert scale from zero to five), Automatic 

Thought Questionnaire (ATQ, Pössel et al., 2005, items on a 5-point Likert scale from one to five), 

Social Interaction Anxiety scale (SIAS, Stangier et al., 1999, items on a 5-point Likert scale from zero 

to four). M = mean, SD = standard deviation, d = Cohen's d with Hedges correction. MDD = Major 

depressive disorder (n = 35), CON = control group (n = 32). 

Supplementary Table 4.2. Model-free analysis of belief updating behavior in individuals with and 

without depression 

  Estimate SE 
95% CI 

df t p 
lower upper 

(Intercept) 51.94 1.35 49.31 54.58 5279 38.61 < .001 

Ability [High]  5.49 1.25 3.04 7.94 5279 4.39 < .001 

Agent [Self] -3.62 1.25 -6.06 -1.17 5279 -2.89 .004 

Trial -0.56 0.07 -0.70 -0.41 5279 -7.54 < .001 

Group [MDD] -1.19 1.86 -4.90 2.53 65 -0.64 .526 

Ability x Agent -0.81 1.77 -4.27 2.65 5279 -0.46 .649 

Ability x Trial  1.08 0.10 0.88 1.28 5279 10.34 < .001 

Ability x Group -0.86 1.73 -4.24 2.53 5279 -0.49 .621 

Agent x Trial -0.27 0.10 -0.47 -0.07 5279 -2.59 .010 

Agent x Group -1.90 1.73 -5.29 1.48 5279 -1.10 .271 

Trial x Group 0.09 0.10 -0.11 0.29 5279 0.85 .394 

Ability x Agent x Trial 0.07 0.15 -0.22 0.36 5279 0.45 .649 

Ability x Agent x Group 0.36 2.45 -4.42 5.15 5279 0.15 .882 

Ability x Trial x Group -0.08 0.14 -0.36 0.21 5279 -0.54 .593 

Agent x Trial x Group -0.03 0.14 -0.32 0.25 5279 -0.23 .819 

Ability x Agent x Trial x Group 0.08 0.20 -0.32 0.48 5279 0.39 .697 

Note. Trial (continuous, 1-20) x Agent [Self, Other] x Ability condition [High, Low] x Group [MDD, 

CON] linear mixed-effects model fit by maximum likelihood. Dependent variable: trial-by-trial 

ratings of expected performance. Beta-estimate, SE = standard error, CI = confidence interval, df = 

degrees of freedom, t = t-value, MDD = Major depressive disorder (n = 35), CON = control group (n 

= 32). 
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Supplementary Table 4.3. Model Space 

Assumptions about learning Model Learning Parameters 

   
 

Self = Other        

 No learning bias Unity Model (M1) ҙ 
     

 Prediction Error: Positive Í Negative Valence Model (M2) ҙPE+, ҙPE- 
     

 Ability Contex: High Í Low Ability Model (M3) ҙHigh, ҙLow 

    

 

Self Í Other  

 

      
No learning bias Unity Model (M4) ҙSelf 

ҙOther 
      
Prediction Error: Positive Í Negative Valence Model (M5) ҙSelf/PE+, ҙSelf/PE- 

ҙOther/PE+, ҙOther/PE- 
     

Prediction Error: Positive Í Negative 

& Decay for extreme feedback values 

Weighted Valence Model (M6) ҙSelf/PE+, ҙSelf/PE- 

ҙOther/PE+, ҙOther/PE- 

w 

     

 

Ability Contex: High Í Low Ability Model (M7) ҙSelf/High, ҙSelf/Low 

ҙOther/High, 

ҙOther/Low 
     

No learning Mean Model (M0)       
Note: Four starting values (estimated first expectation) for the four feedback conditions (Agent [Self 

vs. Other] x Ability [High Ability vs. Low Ability] were additionally estimated for all models. 
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Supplementary Table 4.4. Model comparison 

Model   PSIS-LOO LOO-SE 
LOO-

Diff 

% of  

Ὧ > 0.7 

No. Est. 

Parameters 

              

Whole sample 

  Mean Model (M0) -2441.5 216.15 -1176.0 0.04 4 

Self = Other Unity Model (M1) -1722.6 216.37 -457.1 0.62 5 

  Valence Model (M2) -1580.0 210.76 -314.5 0.34 6 

  Ability Mode (M3) -1639.2 213.23 -373.7 0.71 6 

Self Í Other Unity Model (M4) -1644.7 209.58 -379.2 0.49 6 

  Valence Model (M5) -1356.1 219.24 -90.6 0.39 8 

  

Weighted Valence 

Model (M6) -1265.5 229.54 - 1.10 9 

  Ability Model (M7) -1539.0 208.47 -273.4 1.32 8 

MDD 

  Mean Model (M0) -1404.3 156.32 -603.8 0.02 4 

Self = Other Unity Model (M1) -1089.8 182.84 -289.3 0.49 5 

  Valence Model (M2) -1000.3 176.65 -199.8 0.19 6 

  Ability Model (M3) -1039.4 179.52 -238.9 0.58 6 

Self Í Other Unity Model (M4) -1022.5 175.15 -222.0 0.22 6 

  Valence Model (M5) -835.4 182.05 -34.9 0.17 8 

  

Weighted Valence 

Model (M6) -800.5 191.68 - 0.58 9 

  Ability Model (M7) -961.9 173.61 -161.4 0.76 8 

CON 

  Mean Model (M0) -1037.2 148.25 -572.1 0.02 4 

Self = Other Unity Model (M1) -632.8 108.87 -167.8 0.13 5 

  Valence Model (M2) -579.8 109.48 -114.7 0.15 6 

  Ability Model (M3) -599.9 108.84 -134.8 0.13 6 

Self Í Other Unity Model (M4) -622.2 110.69 -157.2 0.26 6 

  Valence Model (M5) -520.8 121.02 -55.7 0.22 8 

  

Weighted Valence 

Model (M6) -465.0 124.64 - 0.52 9 

  Ability Model (M7) -577.0 111.48 -112.0 0.56 8 

              

Note. LOO = sum PSIS-LOO, approximate leave-one-out cross-validation (LOO) using Pareto-

smoothed importance sampling (PSIS); LOO-SE = Standard error of PSIS-LOO; LOO-Diff (SE-

Diff) = Difference in expected predictive accuracy (PSIS-LOO) for all models from the model with 

the highest PSIS-LOO (weighted Valence Model) and standard errors of differences; percentage of 

Ὧ - estimated shape parameters of the generalized Pareto distribution - exceeding 0.7 (all according 

to Vehtari et al.); No. Est. Parameters = number of estimated parameters in the model; S = O: same 

learning rates for Self and Other, S Í O: separate learning rates for Self and Other; MDD = Major 

depressive disorder (n = 35), CON = control group (n = 32). 
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Supplementary Table 4.5. Model-based analysis of belief updating behavior (learning rates) in 

individuals with and without depression 

  Estimate SE 
95% CI 

df t p 
lower upper 

(Intercept) 0.22 0.03 0.17 0.27 195 8.83 < .001 

PE Val [PE+] 0.04 0.03 -0.02 0.10 195 1.29 .199 

Agent [Self] 0.07 0.03 0.01 0.13 195 2.35 .020 

Group -0.01 0.04 -0.08 0.06 65 -0.30 .764 

PE Val x Agent -0.14 0.04 -0.23 -0.06 195 -3.29 .001 

PE Val x Group -0.01 0.04 -0.09 0.07 195 -0.23 .818 

Agent x Group 0.03 0.04 -0.06 0.11 195 0.62 .533 

PE Val x Agent x Group 0.01 0.06 -0.11 0.13 195 0.18 .861 

Note. Prediction Error Valence (PE Val, [PE+, PE-]) x Agent [Self, Other] x Group [MDD, CON] 

linear mixed-effects model fit by maximum likelihood. Dependent variable: learning parameters of 

the winning model. Beta-estimate, SE = standard error, CI = confidence interval, df = degrees of 

freedom, t = t-value, MDD = Major depressive disorder (n = 35), CON = control group (n = 32). 

 

 

Supplementary Table 4.6. Increasingly biased updating for self and other is linked to levels of 

psychopathology 

  Estimate SE 
95% CI 

df t p 
lower upper 

(Intercept) 0.07 0.03 0.00 0.14 65 2.11 .039 

Agent [Self] -0.24 0.05 -0.34 -0.15 65 -4.93 < .001 

Psychopathology 0.06 0.03 -0.01 0.13 65 1.64 .106 

Agent [Self] x 

Psychopathology -0.10 0.05 -0.2. 0.00 65 -2.03 .047 

Note. Agent [Self, Other] x Psychopathology score linear mixed-effects model fit by maximum 

likelihood across the whole sample. Dependent variable: Valence Bias Score = (LR+ - LR-)/ (LR+ + 

LR-). Beta-estimate, SE = standard error, CI = confidence interval, df = degrees of freedom, t = t-

value, sample size: n = 67. 
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Supplementary Table 4.7. Baseline activations associated with the tracking of positive and negative 

prediction errors 

Contrasts/ Brain regions Side 
Cluster 

Size 

MNI 

Coordinates T p 

x y z 

   
    

Positive prediction error  
    

 

Angular Gyrus/ Lateral Occipital Cortex, 

superior division  R 69 -56 -60 24 5.40 .012 

 

Angular Gyrus/ Supramarginal Gyrus, posterior 

division    -46 -50 24 5.20 .022 

 

Angular Gyrus/ Lateral Occipital Cortex, 

superior division  L 8 52 -54 24 5.15 .026 

         

 

 

       

Negative prediction error     
 

 

Superior Frontal Gyrus/ Juxtapositional Lobule 

Cortex R/ L 245 -2 12 60 7.29 <.001 

 

Inferior Frontal Gyrus, pars triangularis/ pars 

opercularis 
L 145 48 28 4 6.34 <.001 

    50 20 2 5.45 .009 

 

Frontal Orbital Cortex/ Frontal Operculum 

Cortex   40 28 -4 5.30 .014 
 

Superior Frontal Gyrus/ Paracingulate Gyrus  65 -6 52 22 5.59 .005 

 Paracingulate Gyrus/ Superior Frontal Gyrus   8 50 22 5.48 .008 

 

Frontal Orbital Cortex/ Frontal Operculum 

Cortex  19 -38 26 -6 5.23 .017 

Note. Baseline activations of prediction error tracking. Positive and negative prediction error refer to 

the unsigned prediction error values as two parametric modulators for the feedback phase of the Self 

condition. The p-values are FWE-corrected for the whole brain at peak level. Whole sample: n = 67. 

R = right, L = left. T = t-value. Anatomical labels were derived from the SPM Anatomy Toolbox 

Version 3.0. 
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Supplementary Table 4.8. Group comparison of positive and negative prediction error tracking 

within regions of interest 

Covariates/ Regions of interest Side 
Cluste

r Size 

MNI Coordinates 
T p 

x y z 

   
    

Positive prediction error - CON > MDD  
    

 All ROIs       No suprathreshold clusters     

        
 

Negative prediction error - MDD > CON     
 

 Dorsal insula - right R 237 36 16 -8 3.24 .030 

 Dorsal insula - left L 132 -40 16 -10 2.67 .088 

 Ventral insula - right R 389 36 -14 2 3.10 .040 

 Ventral insula - left L 6 -38 12 -10 2.20 .261 
 

Posterior insula - right R 272 40 -18 12 3.30 .014 

 Posterior insula - left L 33 -36 -22 14 2.39 .166 

 Amygdala - right R 241 34 0 -12 2.48 .129 

 Amygdala - left L 107 -24 -2 -18 2.58 .108 

 

Ventral Striatum 

(functional PE ROI)       No suprathreshold clusters     

 VTA/SN L 915 -22 -18 -8 3.36 .046 

         

Interaction Group x PE Valence        
MDD (PE-), CON (PE+) > 

MDD (PE+), CON (PE-)        

 Dorsal insula - right R 123 36 20 -6 2.90 .070 

 Dorsal insula - left L 24 -38 14 -10 2.43 .187 

 Ventral insula - right R 85 38 -12 2 3.35 .029 

 Ventral insula - left L 3 -30 6 -14 2.40 .244 

 Posterior insula - right R 175 36 -18 4 3.17 .030 

 Posterior insula - left L 3 -30 -26 18 2.03 .328 

 Amygdala - right R 58 34 2 -16 2.27 .236 

 Amygdala - left L 39 -26 -6 -18 2.75 .086 

 

Ventral Striatum  

(functional PE ROI)       No suprathreshold clusters     

 VTA/SN L 123 -20 -14 -6 2.91 .185 

Note. Group comparison of prediction error tracking for positive (PE+) and negative (PE-) prediction 

errors using two-sample t-tests and Group x PE Valence interaction using a flexible factorial design. 

The p-values are FWE corrected within ROIs at peak level. All three tests had no suprathreshold 

clusters on the whole brain level (FWE-corrected).  R = right, L = left. T = t-value. MDD = Major 

depressive disorder (n = 35), CON = control group (n = 32). 
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Supplementary Table 4.9. Emotions - group comparison 

  
CON MDD t-test   

M SD M SD t(65) p d 

Happiness 58.28 12.04 42.98 21.95 3.58 < .001 0.85 

Arousal 30.41 20.89 41.70 23.91 -2.06 .043 -0.50 

Pride 45.06 19.66 34.73 22.62 2.00 .050 0.48 

Embarrassment 20.34 18.61 23.48 23.91 -0.60 .549 -0.14 

Tiredness 34.47 22.41 44.56 26.32 -1.69 .095 -0.41 

Note. Group comparison of emotion ratings during task performance. Two ratings per emotion on a 

continuous scale from zero to 100 following the presentation of self-related feedback trials. M = mean, 

SD = standard deviation, d = Cohen's d with Hedges correction. MDD = Major depressive disorder (n 

= 35), CON = control group (n = 32). 

Supplementary Table 4.10. Prior beliefs about (estimation) abilities from global to specific - group 

comparison 

  
CON MDD t-test 

M SD M SD t(65) p d 

General abilities (SDQ-III)  6.66 0.56 4.50 1.44 8.23 < .001 1.93 

General estimation ability 5.09 1.00 4.49 1.36 2.10 .040 0.50 

Specific estimation ability - self 41.14 18.41 36.51 17.81 1.04 .301 0.25 

Confidence of specific estimation ability 

- self 26.44 12.23 25.03 12.13 0.47 .638 0.11 

Specific estimation ability - other 49.12 14.64 46.21 14.38 0.82 .415 0.20 

Confidence of specific estimation ability 

- other 34.79 14.97 25.46 13.99 2.63 .011 0.64 

Ability expectation rating 1. trial - self 52.06 7.27 47.57 12.36 1.83 .072 0.43 

Ability expectation rating 1. trial - other 57.27 6.14 54.61 9.30 1.39 .170 0.33 

Note. Group comparison of self-beliefs and beliefs about the other person prior to the task. 1. General 

ability/ self-esteem measured with the Self-Description Questionnaire-III (SDQ-III, subscale, Marsh 

& Oôneill, 1984), 2. General estimation ability (one item): 'I'm good at estimating,' 8-point Likert 

scale, 3./5. Specific estimation ability for self and other (one item per estimation category): 'How well 

do you think [you are/ the other person is] at estimating [e.g., the weight of animals]?', 4./6. 

Confidence: 'How sure are you that your assessment of [your own/ the other person's] ability is 

correct?', 7./8. First rating of the main task before the first feedback presentation. M = mean, SD = 

standard deviation, d = Cohen's d with Hedges correction. MDD = Major depressive disorder (n = 

35), CON = control group (n = 32). 
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Supplementary Table 4.11. Setting characteristics at the start - group comparison 

  
CON MDD t-test 

M SD M SD t(65) p d 

Category-specific estimation experience 2.44 1.32 3.01 1.27 -1.82 .073 -0.44 

Importance of estimation ability 2.80 1.39 3.17 1.40 -1.10 .277 -0.26 

Familiarity of the other person 1.09 0.3 1.20 0.41 -1.23 .223 -0.29 

Likeability of other person 5.16 1.14 5.20 1.23 -0.15 .880 -0.04 

Estimated own likeability rated by other 4.69 1.06 4.09 1.60 1.83 .072 0.43 

Note. Group differences in previous experience, importance of estimating, and attitude towards the 

other person. All characteristics rated on one item each on a 7-point Likert scale in a pre-survey prior 

to the main task. Item wordings: 1. 'How much experience do you have with estimating [e.g., the 

weight of animals]?', 2. 'How important is it to you to be good at estimating [e.g., the weight of 

animals]?', 3. 'How well do you know the other person?', 4. 'I like the other person.', 5. 'I think the 

other person finds me likable.'. M = mean, SD = standard deviation, d = Cohen's d with Hedges 

correction. MDD = Major depressive disorder (n = 35), CON = control group (n = 32). 
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5 Study 4 

SelfȤbeneficial belief updating as a coping mechanism for 

stressȤinduced negative affect4 

 

5.1 Abstract 

Being confronted with socialȤevaluative stress elicits a physiological and a psychological 

stress response. This calls for regulatory processes to manage negative affect and 

maintain selfȤrelated optimistic beliefs. The aim of the current study was to investigate the 

affectȤregulating potential of selfȤrelated updating of ability beliefs after exposure to 

socialȤevaluative stress, in comparison to nonȤsocial physical stress or no stress. We 

assessed selfȤrelated belief updating using trialȤbyȤtrial performance feedback and 

described the updating behavior in a mechanistic way using computational modeling. We 

found that socialȤevaluative stress was accompanied by an increase in cortisol and 

negative affect which was related to a positive shift in selfȤrelated belief updating. This 

selfȤbeneficial belief updating, which was absent after physical stress or control, was 

associated with a better recovery from stressȤinduced negative affect. This indicates that 

enhanced integration of positive self-related feedback can act as a coping strategy to deal 

with socialȤevaluative stress. 

 

 

 

 

 

 

 

 

 

 

 

________________________ 

4 This study has been published as: Czekalla, N., Stierand, J., Stolz, D. S., Mayer, A. V., Voges, J. F., 

Rademacher, L., Paulus, F. M., Krach, S., & Müller-Pinzler, L. (2021). Self-beneficial belief updating as 

a coping mechanism for stress-induced negative affect. Scientific Reports, 11(1), 1²13. 

My contribution: designing the research, data acquisition, data analysis, and writing the manuscript. 
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5.2 Introduction 
Human beings strive to be accepted by others and to maintain a positive social image 

(Baumeister & Leary, 1995). Thus, social evaluation of our behavior can pose a threat to 

our social image, eliciting a stress response in our body (Burke, 1991; Kirschbaum et al., 

1993a; Rohleder et al., 2007). This initiates various physiological processes (Joëls & 

Baram, 2009) and is associated with negative affective consequences, like anxiety or 

embarrassment (Campbell & Ehlert, 2012; Gruenewald et al., 2004; Müller-Pinzler et al., 

2015). Social evaluation, however, is fundamental to self-related learning processes, as it 

gives one the opportunity to integrate the feedback we receive from others and update 

the beliefs about ourselves accordingly (Eisenberger et al., 2011; Markus & Wurf, 1987). 

Biases in how we process self-related feedback on our behaviors, i.e. whether we focus 

more on negative or positive feedback, impact our affective reactions (Gotlib & 

Krasnoperova, 1998; Roese & Olson, 2007) and, in the case of self-serving processing, 

may function as a coping strategy (Roese & Olson, 2007). While (social) stress is a risk 

factor for many psychiatric conditions (Kessler et al., 1985), successful coping is an 

important factor in maintaining mental health (Gloria & Steinhardt, 2016). In the current 

study we implemented a computational modeling approach to investigate the coping 

mechanism of self-beneficial belief updating after social-evaluative stress and tested 

whether shifted information processing after stress predicts recovery from stress-induced 

negative affect. 

When we receive feedback regarding our behaviors, information processing and belief 

updating is shaped by self-relevant motivations (Bromberg-Martin & Sharot, 2020), 

especially the motivation to maintain optimistic beliefs about the self (Sharot & Garrett, 

2016). Many studies have demonstrated that the process of self-related belief updating is 

biased in favor of positive information, i.e. self-related beliefs are updated more strongly 

when feedback is better than expected (Eil & Rao, 2010; Korn et al., 2012; Mobius et al., 

2011; Sharot et al., 2011). However, updating biases towards negative feedback have 

been reported in performance contexts (Ertac, 2011; Müller-Pinzler et al., 2019), which 

indicates that the context of learning (i.e. learning about own abilities or learning about 

one®s personality), type of feedback and prior assumptions are important factors when 

explaining self-related belief updating biases.  

While there are only relatively few studies on the effects of stress on self-related belief 

updating, various studies on reward processing and non-self-related feedback processing 

have shown that stress is an influencing factor in this regard. One key mechanism for 

feedback-based learning is the prediction error signal, indicating the difference between 

a predicted and an actual outcome (Glimcher, 2011; Watabe-Uchida et al., 2017), which 

is being minimized by updating beliefs during learning. This signal is generated by 

dopaminergic neurons of the ventral striatum (Schultz et al., 1997), which might be 

particularly important for the stress-induced modulation of prediction error signals as the 

dopamine system is sensitive to stress (Adler et al., 2000; Payer et al., 2017). However, 

these effects depend on the type, intensity and schedule of the stress exposure (Holly & 

Miczek, 2016), which might also explain heterogeneous effects of stress on reward 
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processing and feedback-based learning. Research on declarative memory has shown 

that timing of stress matters. In the acute stress phase, mainly characterized by a rapid 

sympathetic response, catecholamines and non-genomic glucocorticoid actions lead to 

increased memory formation of the stressful event.  Cortisol is released with a delay and 

inhibits memory consolidation later on to avoid interference with non-stress-related 

information (Joëls et al., 2006; Schwabe et al., 2012). Besides this inhibition of 

hippocampus-dependent declarative memory, neuro-imaging research on classification 

learning also found a shift towards striatum-based procedural learning after stress, i.e. 

also non-declarative learning processes are modulated by stress (Schwabe & Wolf, 

2012). Acute stress is associated with an increased extinction resistance in fear 

conditioning (Antov et al., 2013). When learning takes place with a delay to stress, trace 

conditioning (Wolf et al., 2009), and updating in reversal fear conditioning (Raio et al., 

2017) are attenuated, cortisol is associated with reduced fear conditioning (Antov et al., 

2013) and working memory is reduced (Luethi et al., 2008; Qin et al., 2009). Timing of 

stress seems to be important for feedback-based or reward-based learning as well (van 

Leeuwen et al., 2019a). Initially, acute stress (e.g. a threat of a shock during learning) 

impairs feedback-based learning of reward (Bogdan & Pizzagalli, 2006). Neurally, acute 

stress attenuates the response to reward in the striatum and orbitofrontal cortex (Kumar 

et al., 2014; Porcelli et al., 2012) and enhances the striatal response to aversive feedback 

(Robinson et al., 2013). Accordingly, under acute stress self-related belief updating is 

more strongly driven by unfavorable feedback, i.e. the learning bias in favor of positive 

information (optimism bias) usually found in self-related belief updating is absent (Garrett 

et al., 2018b). The opposite effects are reported when learning takes place with a delay 

to stress (e.g. after a public speech), a phase mainly characterized by an increase of 

cortisol (Schwabe et al., 2012). Here, feedback processing is more strongly driven by 

stimuli signaling reward and possibly associated with stress-induced cortisol change 

(Lighthall et al., 2013) while learning from negative feedback is decreased, potentially 

linked to cortisol levels before learning (Petzold et al., 2010). On the neural systems level, 

stress recovery is associated with increased striatal responses to rewarding feedback at 

50 min after stress (van Leeuwen et al., 2019a, 2019b). Moreover, specifically individuals 

with low striatal reward reactivity showed an association of recent life stress with lower 

positive affect, which makes striatal reactivity a potential factor of successful stress coping 

(Nikolova et al., 2012).  

According to classic appraisal theories of stress (Lazarus & Folkman, 1984), different 

strategies such as seeking social support, positive revaluation or acceptance are helpful 

in coping with stress-induced negative affect (Glanz & Schwartz, 2008; Lazarus & 

Folkman, 1984; Thoits, 1995). In the context of social-evaluative stress a self-protection 

strategy is to view oneself in a positive light, i.e. emphasizing the own desirability, focusing 

on own successes and attributing failure externally (vanDellen et al., 2011). This strategy 

has also been successful in alleviating stress-induced negative affect following a 

performance situation (Jundt & Hinsz, 2002; Roese & Olson, 2007). Generally, an 

optimistic way of processing self-related feedback has been associated with better mental 
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health (Sharot, 2011; Taylor & Brown, 1988). On the contrary, processing self-related 

feedback in a more negative way may result in negative beliefs about the self (Beck, 2002) 

and ultimately lead to lower self-esteem or depressive symptomatology. Studies on self-

related belief updating in individuals with depression suggest that information processing 

is distorted in a negative direction (Korn et al., 2014) and that coping strategies for 

situations of social-evaluative stress are less readily available in these patients (Greenberg 

et al., 1992). 

In the present study, we aim to investigate the effects of social-evaluative stress on the 

updating of self-related ability beliefs and the propensity to engage into self-beneficial 

learning after social-evaluative stress. By means of two well validated and highly reliable 

paradigms, the Trier Social Stress Test (public speech; Kirschbaum et al., 1993a) and the 

Cold Pressor Test (Hines & Brown, 1933), as well as a no stress control condition, we 

directly manipulated levels of social-evaluative stress in a between-groups design. After 

stress manipulation we used computational modeling to describe participants® self-related 

belief updating behavior using the learning of own performance (LOOP) task (Müller-

Pinzler et al., 2019). In this task participants continuously update beliefs about their 

abilities in epistemologically novel behavioral domains. We then used participants® learning 

bias from positive and negative feedback to predict their recovery from stress-induced 

negative affect. We found that social but not physical stress shifted subsequent self-

related belief updating in a more self-beneficial direction which predicted better recovery 

from negative affect. We elaborate on the relationship between stress (specifically the 

components of negative affect and cortisol response), self-related belief updating and 

affect regulation in healthy participants and discuss the potential of our findings for a better 

understanding of maladaptive self-related belief systems in psychiatric conditions such as 

depression. 

5.3 Results 
After exposure to social-evaluative stress (SOC, Trier Social Stress Test), non-social, 

physical stress (PHY, Cold Pressor Test) or a no stress control condition (CON, reading) 

participants performed the LOOP task (Müller-Pinzler et al., 2019), which was covered as 

a measure of cognitive estimation skills (see Figure 5.1). The central idea of the LOOP 

task is to create a performance context and provide manipulated positive or negative 

feedback in comparatively neutral domains in which people have only vague prior 

assumptions.  By this means, individuals form a concept about their own abilities over the 

course of the experiment. In a previous study, we showed that this process of self-related 

belief updating can be described best by a computational prediction error learning model 

(adapted from Rescorla and Wagner, 1972) with two separate learning parameters for 

positive and negative prediction errors (Müller-Pinzler et al., 2019). During the LOOP task, 

participants were asked to answer estimation questions in two different estimation 

domains (e.g. estimating the weight of animals and the height of buildings) and received 

manipulated performance feedback implying a rather good performance in one category 

and a rather bad performance in the other one (high vs. low ability condition). In the 

beginning of each trial participants saw a cue indicating the estimation category and had 
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to rate their expected performance for the upcoming estimation question in this category. 

A manipulated feedback on their estimation performance in relation to an alleged 

reference group was presented afterwards. Saliva cortisol as well as negative affect, 

including perceived stress, embarrassment, anger, and frustration, were assessed several 

times during the experiment. Pre-stress baseline measures (T1AFF/CORT) were taken after a 

10-min period of rest in the beginning of the session. Post-stress negative affect was rated 

immediately after the stress exposure or control task (T2AFF) to calculate the mean change 

of negative affect (ƌAFF). Post-stress cortisol samples were taken after another 10-min 

period of rest (T2CORT) to calculate the mean cortisol change (ƌCORT). After performing 

the LOOP task, saliva samples and negative affect were again obtained (T3AFF/CORT, for a 

detailed description see methods). 

 

 

Figure 5.1.  (a) Experimental timeline and procedure. SOC: social-evaluative stress group (public 
speech [audience icon], n = 29), PHY: physical stress group (Cold Pressor Test [ice cubes icon], n = 
30), CON: no stress control group (reading task [paper icon], n = 30), salivette icon: saliva collection for 
cortisol determination; paper pencil icon: rating of negative affect including perceived stress, 
embarrassment, anger, and frustration. (b) Sequence of one trial. 1. Cue: display of the upcoming 
estimation category associated with a high or low ability condition, 2. Performance expectation rating, 
3. Estimation question, 4. Performance feedback. Figure adapted from Müller-Pinzler et al. (2019). 

 

Cortisol response and negative affect. Cortisol change. The stress manipulation was 

effective and social-evaluative stress, as well as physical stress, led to a stronger 

increases of cortisol levels from baseline T1CORT to post-stress T2CORT than in the no stress 

control group (Scheirer-Ray-Hare test on ƌCORT controlled for time of the day [TIME]: 

main effect factor Stress group H2 = 18.9, p < .001, post-hoc Dunn-Bonferroni-Tests for 
















































































