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Abstract

Updating memory in response to unexpected outcomes is critical for maintaining an adaptive
internal model of the world. While prediction errors (PEs) have long been central to theories of
reinforcement learning, emerging evidence indicates they also play a key role in shaping
episodic memory, although their underlying mechanisms remain poorly understood. This thesis
systematically investigates how PEs, particularly in aversive contexts, influence episodic
memory formation by uncovering their cognitive and neural underpinnings. Across five studies,
we employed modified versions of an incidental encoding-fear learning task to examine how
expectancy violations modulate memory. Studies I and II replicated previous findings that
unsigned PEs retrospectively enhance memory for predictive stimuli, and further demonstrated
that these effects also occur prospectively and independently of physiological arousal. Studies
III to V extended these findings by revealing that signed PEs affect memory formation in a
direction-specific manner, with positive PEs enhancing and negative PEs attenuating memory.
Study IIT investigated the temporal constraints of PE-induced memory enhancements by
varying the delay between predictive cues and outcomes. Results showed that temporal
proximity is not essential for PE-driven memory enhancements, suggesting that contingency,
rather than contiguity, plays a critical role. Study IV examined the specificity of PE effects by
testing whether memory enhancements also occur for uninformative, i.e., unpredictive, stimuli
encountered near the PE event. The memory benefits were restricted to predictive cues,
supporting a selective encoding mechanism susceptible to interference. Finally, Study V
combined EEG with inhibitory continuous theta burst stimulation (¢cTBS) over the right
superior parietal cortex (rSPC) to explore its causal role in PE-induced memory modulations
and the neural dynamics surrounding PEs. Alpha and theta oscillations before the PE and
stimulus reactivation after the PE predicted enhanced memory, depending on the direction of
the PE. Interestingly, inhibiting the rSPC paradoxically boosted memory, suggesting that
reduced top-down filtering may facilitate memory formation under surprise. Together, these
findings suggest that PEs promote the selective encoding and consolidation of behaviorally
relevant events into long-term memory by engaging attention, working memory, and salience
networks. These insights provide translational potential for clinical interventions by identifying

mechanisms through which maladaptive processes in fear-related disorders could be altered.
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1 General introduction
Human cognition is inherently predictive. Across perception, decision-making, and social
interaction, the brain continuously generates expectations about future events drawing from
prior experiences to guide future behavior (Clark, 2013; Friston, 2010). From a computational
perspective, this process can be modeled as probabilistic inference under uncertainty: the brain
constructs generative models of the world, continuously updating them to reduce prediction
errors (PEs; Clark, 2013; Shohamy & Adcock, 2010). If an anticipated outcome does not occur
or something unexpected happens, this expectancy violation produces a PE being fundamental
in this framework. PEs signal mismatches between sensory input and internal models, thereby
driving model updating (Den Ouden et al., 2009; Niv & Schoenbaum, 2008). PEs have long
been recognized as drivers of reinforcement learning and decision making (Gléscher et al.,
2010; Glimcher, 2011; Niv, 2009; Rescorla & Wagner, 1972; Schultz et al., 1997). In
reinforcement learning, PEs are formally defined as the difference between expected and
received reward and are used to update value estimates, optimizing future decisions (Niv, 2009;
Rescorla & Wagner, 1972; Sutton, 1998). More recently, a growing body of evidence suggests
that these learning signals, i.e., PEs, not only guide learning and decision-making but also serve
a mnemonic function: Unexpected events, even if emotionally neutral, appear more likely to be
encoded into long-term memory than predictable ones (Greve et al., 2017; Rouhani et al., 2018;
Sinclair & Barense, 2019). This memory enhancing effect has been observed across various
domains, such as reward-based learning (Ergo et al., 2020; Jang et al., 2019; Rouhani & Niv,
2021) and aversive learning (Den Ouden et al., 2009; Kalbe & Schwabe, 2020, 2022b), and
may operate independently of emotional arousal, enhancing memory for neutral stimuli that
merely occurred in the context of violated expectations (Ergo et al., 2020; Kalbe & Schwabe,
2020; Rouhani & Niv, 2021). This aligns with computational theories positing that memory
systems should prioritize events with high learning value, i.e., experiences that offer maximal
model updating (Courville et al., 2006; Gershman et al., 2014). PEs could serve precisely this
function, marking moments of surprise that warrant increased representational precision or
episodic encoding (Dunsmoor et al., 2022; Gershman, 2017). Dopaminergic and noradrenergic
pathways likely play a key role in forwarding these salience signals to memory-relevant
structures such as the hippocampus (HC; Diizel et al., 2009; McNamara & Dupret, 2017,
Takeuchi et al., 2016).
Overall, these findings suggest that PEs act not only as learning signals but also as key
drivers of episodic memory formation, prioritizing the encoding of events that carry

informational value (Jang et al., 2019; Pupillo et al., 2023; Rouhani & Niv, 2021). This would
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constitute a fundamental mechanism by which the brain ensures that surprising or behaviorally
relevant experiences are retained for future use. Yet despite the growing interest in this
phenomenon, the cognitive and neural mechanisms by which PEs enhance episodic memory

remain largely unclear.

1.1 Mechanisms of adaptive memory

Human memory is not a passive archive of experiences but a highly selective, goal-
oriented system (Shohamy & Adcock, 2010; Tulving, 1972). This is particularly evident in
episodic memory, capturing personally experienced events in rich contextual detail (Tulving,
1972). Rather than storing all encountered information indiscriminately, the brain dynamically
filters and encodes events based on their relevance to future behavior, a process referred to
as adaptive memory (Gershman & Daw, 2017; Shohamy & Adcock, 2010). From an
evolutionary perspective, such prioritization makes functional sense: Remembering every
mundane detail of daily life would be inefficient, whereas selectively encoding behaviorally
salient events, e.g., emotionally charged events, novel occurrences, or outcomes that defy
expectation, enhances the organism’s capacity to plan, predict, and adapt in future encounters
(Christianson, 2014; Nairne & Pandeirada, 2008; Reisberg & Hertel, 2005; Shohamy &
Adcock, 2010).

Adaptive memory formation is thought to be supported by the interaction of multiple
cognitive and neural mechanisms. The HC has been established as a central structure in the
formation of episodic memories which are rapidly acquired and rich in contextual detail
(Burgess et al., 2002; Chadwick et al., 2010; Moscovitch et al., 2016). Indeed, research showed
that the HC is functionally involved in memory retrieval, spatial learning and cognitive maps,
prioritizing the encoding of valuable and contextual details of events (Chadwick et al., 2010;
FeldmanHall et al., 2021; Schapiro et al., 2013). Moreover, hippocampal neurons are assumed
to act as pointers and indices to distributed representations across the neocortex, linking the
content, context and details of an encoded event (Moscovitch, 1995; Teyler & Rudy, 2007).
Together with adjacent medial temporal lobe (MTL) cortices and the medial prefrontal cortex
(mPFC), the HC supports the binding of multiple elements of an event into a narrative of
complex and coherent memory representations (Allen & Fortin, 2013; Kroes & Fernandez,
2012; Shohamy & Adcock, 2010). Specifically, the HC serves to detect regularities in the
environment that are integrated with response options in the mPFC to form abstract knowledge
(Garvert et al., 2017; Nieh et al., 2021). This abstract knowledge can guide future behavior in
novel situations that only partially resemble existing episodic experiences (Kroes & Fernandez,

2012). Recent research suggests that the MTL is involved in the imagination of future episodes
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with important implications for decision-making (Schacter & Addis, 2007). Moreover, the
relational structure of episodic memories also allows flexible retrieval of relevant information
to guide goal-directed behavior in the future, highlighting the necessity of HC-, mPFC- and
MTL-involvement in linking episodic memory and adaptive decision-making (FeldmanHall et

al., 2021; Shohamy & Adcock, 2010).

1.1.1 Prioritization of salient events

Additionally, research of the past decades has demonstrated a critical impact of
emotions on memory formation. Compared to neutral events, emotionally arousing events have
been shown to be encoded faster and remembered more vividly and accurately (Cahill &
McGaugh, 1996; Christianson, 2014; Reisberg & Hertel, 2005). The characteristics of
emotional information, i.e., its elicited physiological arousal, may facilitate preferential
processing of heightened attention to emotional content at encoding (Mather & Sutherland,
2011; Talmi, 2013). This emotional memory enhancement is largely attributed to a
noradrenergic arousal-related activation of the amygdala that supports preferential encoding
and enhances the distinctiveness and consolidation of relevant experiences (Clewett et al., 2014;
Mather & Sutherland, 2011). Subsequently, the amygdala then modulates memory
consolidation processes in other brain regions, i.e., the HC and neocortex (Buchanan, 2007;
Cahill & McGaugh, 1995, 1998; Fastenrath et al., 2014; LaBar & Cabeza, 2006; McGaugh,
2018; McReynolds & Mclntyre, 2012; Phelps, 2004).

Stress hormones such as glucocorticoids (e.g., cortisol) and catecholamines (e.g.,
noradrenaline), in response to an emotional event, signal the salience of an event, thereby
influencing the strength of memory trace formation (Cahill & McGaugh, 1998; Krugers et al.,
2012; Zerbes et al., 2019). Specifically, an emotional event triggers physiological arousal which
in turn leads to a secretion of stress hormones in the adrenal glands, i.e., norepinephrine and
glucocorticoids (Roozendaal et al., 2006). The interaction of norepinephrine and cortisol in the
basolateral amygdala then modulates memory plasticity and consolidation processes in other
brain areas, i.e., the HC, mPFC and MTL (McGaugh, 2000; Roozendaal et al., 2006). Similarly,
arousal triggers locus coeruleus (LC) activity which leads to the release of noradrenaline that
selectively strengthens prioritized memory representations by modulating local and functional
network-level patterns of information processing (Clewett et al., 2018; Mather et al., 2016).
The increase in noradrenaline enhances synaptic plasticity exciting local protein synthesis
processes that enhance selective memory consolidation (Mather et al., 2016). Pupil dilation, a
peripheral marker of arousal and LC-noradrenaline system activity, has been shown to reliably

predict long-term memory formation, especially for emotionally arousing stimuli (Bergt et al.,
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2018; Huang & Clewett, 2024). These findings suggest that arousal-related neuromodulatory
activity may gate synaptic plasticity, supporting the selective consolidation of salient

information.

1.1.2 Behavioral tagging account

While neuromodulatory arousal-based mechanisms such as noradrenergic activation
support the selective consolidation of emotional memories, they also interact with synaptic
plasticity processes that underlie long-term memory formation. Repeated stimulation of
neurons in the HC can induce long-term potentiation (LTP) establishing long-term memory
(Frey & Morris, 1997). As proposed by the synaptic tagging and capture hypothesis (Frey &
Morris, 1997; Frey & Frey, 2008), an early-LTP triggers the formation of a transient, protein-
synthesis-independent synaptic tag which decays in less than three hours at the stimulated
neuron. This synaptic tag then captures the necessary plasticity-related proteins to support the
development of late and persistent LTP (Frey & Morris, 1997). Intriguingly, this hypothesis
implicates that a weak stimulus being insufficient to induce protein synthesis can lead to a
persistent late-LTP, if the weak and a strong stimulus, with the first not being able and the latter
being able to induce a synaptic tag, were applied in a relatively long-lasting associative time
window on different synapses of the same neuron (Frey & Motris, 1997; Ballarini et al., 2009).
A behavioral analogy, the behavioral tagging hypothesis proposes that the formation of LTM
depends on two processes: The setting of a learning tag, and the synthesis of plasticity-related
proteins which can enhance memory consolidation (Moncada et al., 2015). In particular, weak
events are most likely to induce short-lived memories, which can lead to a persistent long-term
memory if they occur in close temporal proximity to a salient, behaviorally significant event
that induced the secretion of plasticity-related proteins (Ballarini et al., 2009; Dunsmoor et al.,
2022; Moncada & Viola, 2007). Thus, behavioral tagging provides a compelling mechanism
through which the brain selectively strengthens memories that occur in close temporal
proximity to behaviorally significant and arousing events.

Importantly, adaptive memory does not solely depend on the emotional valence of an
experience. It is also critically shaped by its informational value that describes the degree to
which an event updates prior knowledge or signals a change in environmental contingencies.
From this perspective, the impact of emotional events on memory may, in part, stem from their
inherent unpredictability and the surprise they elicit (Trapp et al., 2018). In this sense, PEs, i.e.,
violations of expectation, may act as behaviorally significant signals that trigger mechanisms

akin to those proposed by the behavioral tagging framework. Recent research suggests that PEs
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may serve as powerful triggers for adaptive memory processes (Antony et al., 2021; Rouhani
et al., 2018; Rouhani et al., 2023).
1.2 Prediction errors as modulators of learning and memory

PEs have long been recognized from the reinforcement learning domain as driving forces
of memory updating (Glascher et al., 2010; Glimcher, 2011; Niv, 2009; Rescorla & Wagner,
1972; Schultz et al., 1997). Acting as teaching signals to the brain, PEs trigger incremental
learning processes that enable the brain to adaptively optimize future behavior (Bar, 2007; Bein
et al., 2020; Clark, 2013; Ergo et al., 2020; Trapp et al., 2018). PEs in the framework of
reinforcement learning, i.e., reward PEs signalling the value of an unexpected outcome, are
conveyed by midbrain dopaminergic neurons and drive incremental learning of future values
of stimuli by supporting decision making based on basal-ganglia structures (Barto, 1995;
Montague et al., 1996; Schultz et al., 1997; Niv & Schoenbaum, 2008; Niv, 2009). Specifically,
the relevant information from a new experience is used to update either situation-action values
(in model-free approaches) or the parameters of an internal model, which can then dynamically
compute future values (in model-based approaches; Gershman & Daw, 2017; Glascher et al.,
2010). Specifically, PEs enable cumulative learning in Pavlovian conditioning as suggested by
the Rescorla Wagner model (Miller et al., 1995; Rescorla & Wagner, 1972; Yau & McNally,
2023). In Pavlovian conditioning, an inherently neutral stimulus (e.g., ring of a bell) is paired
with an unconditioned stimulus (UCS; e.g., an electric shock). Throughout the conditioning
process, i.e., multiple associations, the neutral stimulus turns into a conditioned stimulus (CS)
that elicits a conditioned response (CR; e.g., fear) by itself. Fitting into the Rescorla Wagner
model, this learning process is based on adjusting values by discrepancies between prediction
and outcome (Den Ouden et al., 2012; Miller et al., 1995; Niv, 2009; Niv & Schoenbaum,
2008):

Vinews = Vioiy + 1+ (R — Vioiay)

Vinew) represents the updated value of an event incorporating the new information provided by
the actual outcome. Here, V;oua; describes the current, i.e., old, value of the prediction before
the update. 7 is the learning rate (0<#>1) determining the magnitude of the update induced by
the new experience. High learning rates emphasize recent experiences, allowing the model to
rapidly update its predictions based on new information. However, this also results in faster

discounting of past experiences. In contrast, low learning rates lead to more gradual learning,
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requiring the accumulation of multiple past and new experiences before significantly altering
predictions. R is a scalar quantity of the goodness of the observed outcome. In sum, the term R-
Vio1a) represents the PE indicating the discrepancy between the predicted and the actual outcome
(Niv & Schoenbaum, 2008).

An extended model of the basic approach mentioned above incorporates temporal
difference (TD) learning, i.e., a TD PE (Maes et al., 2020; Niv & Schoenbaum, 2008;
O’Doherty et al., 2003). TD learning acknowledges that real-world experiences unfold as a
continuous stream of information rather than as discrete, isolated trials. Within this ongoing
stream of information, predictive cues and rewarding outcomes often occur at different
timepoints. The aim at each time point is to make accurate predictions about future outcomes
based on the current state and the history of preceding stimuli. This means that, if predictions
are accurate, the value predicted at time ¢ should equal the sum of two components which are
(1) the expected immediate reward at time #+1 (which could be zero) and (i1) the predicted value
of future rewards from time #+1 onward (Dayan, 1993; Maes et al., 2020; Niv & Schoenbaum,
2008). Thus, the TD error (i.e., 0 at time ¢ + 1) is defined as the difference between predicted

and actual outcomes (Sutton, 1988):
6(t + 1) = outcome(t + 1) + prediction(t + 1) — prediction(t)

Specifically, the TD error is computed as the sum of the actual outcome received at time 7+1
and the updated prediction of future rewards at that time, minus the prediction made at the
previous time step ¢ (Dayan, 1993; Seymour et al., 2004). An error that is unequal to zero signals
a mismatch between expected and experienced outcome. This error can be incorporated into

learning the value V(#)/mew; of a stimulus as follows:
Vi) mewy = V13 + 1~ [(outcome(t + 1) + prediction(t + 1) — prediction(t))]

Here, V(?) is the prediction at time point ¢, # is the learning rate, outcome(# + 1) is the outcome
at the succeeding time point and prediction(z + 1) is the prediction at time point ¢ (Niv &
Schoenbaum, 2008). Thus, TD learning assumes that PEs modulate reinforcement learning by
being a driving force of adjusting models to guiding future behavior (Maes et al., 2020; Schultz,
2016; Seymour et al., 2004).
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1.2.1 Unsigned and signed PEs

PEs can be considered as (i) unsigned or (ii) signed PEs reflecting different
computational and functional characteristics in learning and memory processes (Gurunandan et
al., 2025; Pupillo & Bruckner, 2023; Rouhani et al., 2023). While unsigned PEs (uPEs) take the
absolute magnitude of deviation between prediction and outcome into account (ranging
between 0 and 1), signed PEs (sPEs) account for the direction of deviation containing
information about the value of the outcome (positive vs. negative, ranging from -1 to 1).

In the reward domain, the uPE is assumed to play a critical role in learning and memory,
irrespective of the PE’s direction, i.e., good or bad unexpected outcomes (Rouhani & Niv, 2021;
Rouhani etal., 2018). In contrast to signed PEs, which carry information about outcome valence
(Schultz, 2017), uPEs primarily signal surprise (Hayden et al., 2011). This form of PE has been
shown to enhance learning by increasing attention to outcomes that deviate from expectation,
thereby improving model updating and memory encoding (Hayden et al., 2011; Rouhani & Niv,
2021; Rouhani et al., 2018). uPEs are underpinned by distinct neural signals that drive learning
about outcomes in various domains, e.g., perception, motor function and reward (Den Ouden
et al., 2012; Fiorillo, 2013; Fouragnan et al., 2018). Accumulating evidence suggests that uPEs
enhance learning rate adaptation and episodic memory strength in proportion to the degree of
unexpectedness. Indeed, greater uPEs, regardless of whether the outcome was better or worse
than expected, has been shown to correlate with improved subsequent recall, supporting the
idea that surprise signalled by a PE can boost memory encoding (Ergo et al., 2020; Greve et al.,
2017; Jang et al., 2019; Metcalfe, 2017; Stanek et al., 2019). This effect seems to be due to the
surprise elicited by the outcome (Steinberg et al., 2013). Specifically, unexpected events are
assumed to trigger phasic activation of the LC resulting in a concommitant norepinephrine and
dopamine release in the LC, ultimately leading to increased plasticity in the HC (Clewett &
Murty, 2019; Jordan & Keller, 2023; Takeuchi et al., 2016). These neurotransmitters are
thought to increase synaptic plasticity and boost network excitability (Mather & Sutherland,
2011; Lisman et al., 2011). Importantly, uPEs may serve an adaptive function by updating
internal models about environmental volatility and uncertainty (Behrens et al., 2007). When
large uPEs are detected, the brain may shift into a high learning mode, allocating greater
cognitive and mnemonic resources to the unexpected event leading to rapid learning (Behrens
et al., 2007).

While uPEs reflect the magnitude of surprise regardless of outcome valence,
sPEs capture additional information about the direction of the mismatch, i.e., whether the

outcome was better or worse than expected (Ergo et al., 2020). These valence-specific signals
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are particularly important in the reward domain, where outcomes can vary between reward and
punishment (Schultz, 2017). Specifically, reward sPEs influence dopaminergic firing from the
midbrain, particularly from the ventral tegmental area (VTA), which projects to key memory-
and motivation-related regions such as the HC, nucleus accumbens, striatum and prefrontal
cortex (PFC; Bayer & Glimcher, 2005; Sharpe et al., 2017; Watabe-Uchida et al., 2017). When
outcomes are better than expected, i.e., a positive PE, dopamine neurons increase firing,
whereas outcomes worse than expected, i.e., negative PEs, lead to suppression of dopaminergic
activity (Keiflin & Janak, 2015; Rouhani et al., 2023; Schultz, 2016). These dopaminergic
signals are essential for adjusting internal models of reward contingencies and for guiding
future decisions by updating expectations to improve the reflection of actual outcomes (Eshel
et al., 2016; Rouhani et al., 2023).

Over time and learning, dopaminergic sPEs can shift from the outcome itself to the cue
that predicts it, reflecting temporal difference learning (Doll et al., 2015; Montague et al.,
1996). This dynamic transfer supports the framework of synaptic and behavioral tagging, where
initially weak and neutral cues acquire motivational salience and become preferentially encoded
into memory after being tagged by a salient event (Ballarini et al., 2009; Moncada & Viola,
2007). Furthermore, the PE-induced dopaminergic response may also be associated with
increased neural plasticity and ultimately enhanced memory consolidation, e.g., in the HC
(Cahill & McGaugh, 1998; Lisman et al., 2011; McGaugh, 2000; Rouhani et al., 2023, Trapp
et al., 2018). However, the impact of reward PEs on memory may also be modulated by
individual differences in dopaminergic tone, cognitive traits such as working memory capacity,
or even motivational states (Krebs et al., 2009; Murty & Adcock, 2014).

Recently, accumulating evidence has further expanded upon the memory enhancing
effects of reward sPEs (Ergo et al., 2020; Greve et al., 2017; Jang et al., 2019; Rouhani & Niv,
2021; Rouhani et al., 2018). Memory encoding seems to be improved for the predictive event
in the case of positive reward sPE, i.e., better than expected, and to decline if outcomes are
worse than expected, i.e., negative reward sPEs (De Loof et al., 2018; Jang et al., 2019).
Neurally, this memory modulating effect of reward sPEs is linked to activity in the ventral
striatum (Calderon et al., 2021; Pine et al., 2018; Ripollés et al., 2018) and increased alpha and
beta oscillations (Ergo et al., 2019).

1.2.2 PEs related to aversive events and their role in memory formation

While most research has focused on the role of PEs in reward-based learning, similar

computational mechanisms have been proposed for aversive, perceptual, and even social

domains (Corlett et al., 2022; Den Ouden et al., 2012; Tzovara et al., 2018), suggesting that PEs
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constitute a general translational learning signal. Emotional, in particular aversive, events are
frequently characterized by unpredictability (Herry et al., 2007; Seligman et al., 1971; Trapp et
al., 2018), which often give rise to PEs. Accordingly, a growing body of research suggests that
PEs related to aversive events, i.e., when an aversive outcome occurs unexpectedly or when an
expected aversive outcome is unexpectedly omitted, play a role in modulating the strength of
memory (Kalbe & Schwabe, 2020, 2022b). Importantly, these effects are distinct from the well-
established memory boost associated with novel or salient events (Schliiter et al., 2019; Sinclair
& Barense, 2018). Aversive PEs, particularly uPEs, enhance memory for preceding stimuli that
are inherently neutral, suggesting a different underlying mechanism (Kalbe & Schwabe, 2020,
2022b; Rouhani & Niv, 2021; Rouhani et al., 2018).

Specifically, it has been demonstrated that uPEs related to aversive events enhance
episodic memory. An initial study employed a combined Pavlovian fear conditioning and
incidental memory paradigm in which participants were asked to predict the occurrence of
electric shocks (i.e., shock vs. no-shock) for two different stimulus categories (Kalbe &
Schwabe, 2020). The results showed that large uPEs were linked to enhanced memory for
stimuli preceding the PE. In a follow-up study, using an adapted version of this paradigm that
also assessed sPE, the authors found that negative PEs related to aversive events (corresponding
with ‘unexpected shock omissions’) were associated with an improvement of memory for
preceding stimuli whereas positive aversive PEs (corresponding with ‘unexpected shock
occurrences’ impaired memory (Kalbe & Schwabe, 2022b). Positive PEs were assumed to lead
to heightened processing of the unexpected electric shock which in turn diverted attention away
from the encoded stimulus and disrupted mnemonic processing (Iglesias et al., 2013; Kalbe &
Schwabe, 2022b; Pearce & Hall, 1980), whereas negative PEs may serve as relief signals due
to the omission of an expected outcome, triggering neuromodulatory responses that prioritize
memory consolidation via the LC-VTA-hippocampal loop (Takeuchi et al., 2016). This finding
suggests that effects of sPEs related to aversive events on memory depend on their direction
(positive vs. negative PEs) which are also linked to different underlying neural network
activations (Kalbe & Schwabe, 2022b). It is important to note that the definition of sPEs
differed between the reward and aversive domains. In reward-based paradigms, positive PEs
mostly refer to outcomes that are better than expected (e.g., receiving an unexpected reward),
whereas negative PEs reflect outcomes that are worse than expected (e.g., reward omission or
punishment). In contrast, within the aversive domain, as also applied in the present studies,
positive PEs correspond to unexpected occurrences of an aversive outcome (i.e., shock), while

negative PEs reflect unexpected omissions of such outcomes.
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The PE-driven modulation of memory may arise from the role of PEs in marking event
boundaries, segmenting a continuous experience into discrete episodes (Laing & Dunsmoor,
2025; Rouhani et al., 2020; Zacks et al., 2007; Zacks & Swallow, 2007). This aligns
with predictive coding frameworks, where the brain continuously compares incoming sensory
data to internal models and updates these models upon detecting prediction violations (Barrett
& Simmons, 2015; Friston, 2005). These mismatches engage brain regions such as the mPFC,
angular gyrus, and precuneus, which are involved in schema updating and event segmentation
(van Kesteren et al., 2012; Vogel et al., 2018). Consequently, events characterized by large PEs
are more likely to be stored as independent memory episodes instead of being incorporated into
pre-existing schema networks suggesting that PEs lead to a shift in mnemonic processing (Bein
et al., 2020).

Given that aversive events, e.g., shocks, also contain an arousal component due to their
unpredictability and emotional valence, there is some overlap between PE-related and arousal-
related effects on memory formation (Braem et al., 2015; Ferreira-Santos, 2016; Ganesh et al.,
2024; Rouhani et al., 2023). PE-related arousal has been shown to
drive noradrenergic and dopaminergic neuromodulation, particularly via phasic activation of
the LC and VTA affecting plasticity in memory-relevant structures like the HC (Clewett &
Murty, 2019; Takeuchi et al., 2016). Moreover, aversive PEs may engage additional structures
such as the amygdala, insula and periaqueductal gray which are critical for processing
interoceptive threat signals and modulating attention and salience (Kolada et al., 2023; McHugh
et al., 2014; Roy et al., 2014; McCutcheon et al., 2019). Hence, recent evidence was further
able to disentangle the link between PEs, physiological arousal and episodic memory (Kalbe &
Schwabe, 2020, 2022b). Indeed, arousal related to the outcome (shock vs. no-shock) was
associated with enhanced memory for preceding stimuli. This finding dovetails with evidence
pointing out that noradrenaline released during emotional arousal modulates activity in the
basolateral amygdala which has been shown to be critically involved in emotional memory
formation (Hermans et al., 2014; LaBar, 2003; Phelps, 2004; Roozendaal & Hermans, 2017).
Subsequently, memory formation processes are strengthened in areas such as HC and prefrontal
cortex (PFC; LaBar & Cabeza, 2006; McGaugh & Roozendaal, 2002; Pape & Pare, 2010).
Intriguingly, there is striking evidence that PEs facilitate memory formation beyond the mere
effects of physiological arousal suggesting that there is an arousal-based and a prediction-based
route to memory (Kalbe & Schwabe, 2020, 2022b; Rouhani et al., 2023). However, the
prediction-related and arousal-related routes to memory may not be entirely independent.

Emerging evidence suggests that prediction errors can manifest in outcome-related arousal
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(Spoormaker et al., 2012) and indicates that physiological arousal may be modulated by
environmental uncertainty, which may in part arise from PEs (de Berker et al., 2016). These
findings indicate that arousal may partly be driven by PE signals. Nevertheless, the PE-related
and arousal-related routes to episodic memory seem to be at least partly independent of each
other (Kalbe & Schwabe, 2020, 2022b). Although the PE effects on episodic memory formation
are fundamental to our understanding of adaptive memory, the brain mechanisms underlying

the impact of PEs related to aversive events on memory for preceding events are less clear.

1.3 Mechanisms of prediction error-related memory modulations

In general, PEs involve a complex assortment of processes and neural structures,
including the striatum encoding dopaminergic projections induced by PEs, the mPFC and
anterior cingulate cortex (ACC) that are associated with error monitoring, and the dorsolateral
prefrontal cortex (dIPFC) linked to the active maintenance of information in short-term memory
(Alexander & Brown, 2019; Calderon et al., 2021; Delgado et al., 2008; Gléscher et al., 2010;
Haque et al., 2020; Li et al., 2011; Maier et al., 2019; Matsumoto et al., 2007; Pine et al., 2018).
Although PEs have received attention regarding their general neural correlates, it remains
unclear which neural mechanisms drive their modulatory effects on episodic memory.
However, initial evidence from a functional magnetic resonance imaging (fMRI) study (Kalbe
& Schwabe, 2022b) suggests that the PE effects on memory are associated with a reduced
activation of the MTL, which is implicated in memory formation for expectancy- and schema-
congruent information and associated with the schema network (Bein et al., 2020; Davachi &
Wagner, 2002; Eichenbaum, 2004; van Kesteren et al., 2012; Vogel et al., 2018), as well as an
enhanced crosstalk of the salience and frontoparietal network (Kalbe & Schwabe, 2022b).
These findings are in line with the notion that PEs may create event boundaries interrupting the
sequential integration of events preferentially by downregulating the schema network and
upregulating the salience network. While fMRI provides high spatial resolution to identify
relevant brain areas and network activations, its temporal resolution is rather limited, making it

hard to capture neural processes occurring around the PE event.

1.4 Research scope and rationale of the current thesis

Overall, PEs signal a mismatch between expected and actual outcomes and are thus a
fundamental computational signal in reinforcement learning models (Gldscher et al., 2010;
Glimcher, 2011; Schultz et al., 2007). Accumulating evidence suggests that PEs emerge as a
core mechanism that guides not only learning but also memory formation (Antony et al., 2021;

Corlett et al., 2022; Ergo et al., 2020; Rouhani et al., 2023). Recent theoretical and empirical

21



advances demonstrate that PEs, particularly those arising from deviations in threat, can
modulate episodic memory encoding, at least partly independent of physiological arousal
(Greve et al., 2017; Haque et al., 2020; Jang et al., 2019; Kalbe & Schwabe, 2020, 2022b;
Rouhani et al., 2018; Rouhani & Niv, 2021). From a computational perspective, PEs
dynamically enable the updating of internal models to guide future behavior (Clark, 2013; Niv,
2009). However, the cognitive and neural mechanisms through which aversive PEs influence
memory remain poorly understood. The overarching aim of this thesis is to investigate the
cognitive and neural mechanisms by which PEs shape episodic memory formation, particularly

in the context of aversive learning (see Figure 1).

Figure 1
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Note. Participants underwent a combined Pavlovian fear-conditioning and incidental memory paradigm
which was slightly modified over the course of the Studies I to V. Trialwise, participants had to indicate if
(Studies I and II) and how likely (Studies III to V) they expected a shock to follow a conditioned stimulus
(CS) inducing a prediction error (PE). Studies I and II aimed at investigating retrospective and prospective
PE-effects on memory formation. In Study III, the delay between CS and outcome (shock vs. no-shock), i.e.,
the PE event, was critically varied between 0 and 10 s to examine the time-dependency of PE-effects on
memory. In Study IV, an uninformative stimulus (UI) was added between the CS and the outcome to
investigate the selectivity of the PE-induced memory modulations. Study V also used a variable CS-outcome
delay (0-10 s) but no UI and critically investigated the interaction of neural states surrounding the PE event
and memory modulations. Three dots indicate the start of a new trial. Pictures taken from “The Bank of
Standardized Stimuli (BOSS), a New Set of 480 Normative Photos of Objects to Be Used as Visual Stimuli
in Cognitive Research” by Brodeur et al. (2010) and from “Introducing the Open Affective Standardized
Image Set (Oasis)” by Kurdi et al. (2016). CC BY 4.0.

First, we wanted to assess the robustness of PE-related effects on memory within the

aversive domain. In Studies I and II, we aimed at replicating the previously reported PE-effects
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on episodic memory (Kalbe & Schwabe, 2020, 2022b; see Figure 1). To this end, participants
completed a combined incidental encoding-fear learning task in which they predicted whether
a stimulus would be followed by an electric shock using one excitatory conditioned stimulus
(CS™) and one inhibitory conditioned stimulus (CS™). Simultaneously, we measured skin
conductance responses (SCRs) as an index of physiological arousal allowing us to probe
potential arousal-related effects on memory and to disentangle the respective contributions of
PEs and arousal to episodic memory formation. 24 hours after encoding, memory was tested in
a surprise recognition test. Specifically, we sought to replicate the previously reported effect of
PEs related to aversive events, that were unsigned and binary, i.e., attaining 0 for correct
predictions and 1 for incorrect predictions, on the subsequent memory for predictive stimuli
presented before the PE using comprehensive behavioral analysis. Second, we investigated
whether the memory-enhancing effects of PEs are limited to stimuli that immediately preceded
the PE or whether PEs may boost memory also for stimuli encountered shortly after a PE. In
particular, we asked whether PEs may exert not only the previously reported retrospective
effects (Kalbe & Schwabe, 2020), but also prospective effects on memory formation (see Figure
1).

In Study III, we aimed to further elucidate the temporal dynamics of PE effects on
memory. Previous studies typically employed short and fixed stimulus-outcome intervals (see
Kalbe & Schwabe, 2020, 2022b), leaving it unclear whether the retrospective PE effect on
memory relies on the close temporal proximity between the predictive cue and the unexpected
outcome, or whether the effect is robust to temporal delays. To address this, we systematically
manipulated the delay between the predictive stimulus and the outcome that triggered a PE, i.e.,
the CS-outcome delay. This allowed us to test whether maintaining the representation of the
predictive cue over a longer interval is necessary for occurrence of the memory-enhancing
effects of PEs. From a cognitive perspective, increasing this CS-outcome delay would tax
working memory systems which are required to keep the stimulus representation accessible for
integration with the outcome event (Cohen et al., 2014). If predictive stimuli must be actively
maintained until the PE occurs to benefit from enhanced encoding, then increasing the interval
should attenuate or abolish this effect. This would implicate working memory processes, such
as active maintenance, as crucial for PE-related memory modulation and echoes broader
debates in computational neuroscience regarding the interplay between working memory and
reinforcement learning processes. Notably, Collins and Frank (2012) proposed that behaviors
often attributed to reinforcement learning may reflect contributions from working memory,

especially in tasks involving short trial sequences or rapid updating. Indeed, it has been
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demonstrated that working memory and reinforcement learning are not strictly separable
systems but dynamically interact, with working memory often supporting slower
reinforcement-based updating depending on task demands and cognitive load (Collins & Frank,
2012). In line with this view, working memory may serve as a cognitive workspace that
temporarily holds the predictive stimulus in a state that allows it to be updated in response to a
(surprising) outcome. Here, we examined (i) the extent to which PE effects on memory depend
on the time interval between the stimulus and the PE, i.e., CS-outcome delay (see Figure 1),
and (ii) whether these effects depend on the interval between encoding and testing, i.e., whether
the PE effects emerge during memory encoding or during consolidation. To these ends, Study
IIT manipulated the delay between CS and outcome across a range of 0 to 10 s and tested
recognition memory either 24 hours after encoding, as in Studies I and II, or immediately after
encoding. In addition to these timing-related changes, we introduced two key modifications to
our experimental paradigm from Studies I and II: First, participants were presented with three
CSs, with one CS™ and two CS* with different shock contingencies. Second, participants were
asked to rate their shock expectancy on a continuous scale from 0 to 100 enabling us to also
measure sPEs. Both adjustments served to achieve an adequate distribution of positive and
negative PEs, which have been proposed to exert distinct effects on memory formation (Kalbe
& Schwabe, 2022b; Rouhani et al., 2023; Rouhani & Niv, 2021).

However, a critical question concerns whether this PE-induced memory enhancement
is exclusive to the preceding predictive stimulus itself. To the best of our knowledge, no study
yet has explored the link between the unexpected outcome and the preceding information by
adding an uninformative, i.e., unpredictive, component. There are two contradictory, possible
frameworks that may explain how the memory of information associated with a PE is
strengthened. When an individual experiences an unexpected outcome, memory might
generally be enhanced within a certain time window to collect more evidence for future
predictions which could be retroactively generated by the mismatch between a prediction and
the observed outcome. This would imply superior memory not only of an informative target,
but also uninformative stimuli linked to the PE event. In contrast, a conceptual alternative would
be a causal, specific, and exclusive link between the PE and its predictive information. The
causal link would imply superior memory only of the informative target and no memory
advantage of uninformative stimuli. In Study IV, we addressed this question by testing (i)
whether the PE-induced memory enhancement is restricted to the predictive stimuli carrying
relevant information about the outcome or (i) whether it reflects a non-selective encoding boost

(see Figure 1). To test these competing hypotheses, we used a modified version of the paradigm
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from Study III: In some of the encoding blocks entirely uninformative stimuli (UI) were
presented between the predictive stimulus and the outcome (i.e., potential PE) enabling us to
assess whether the memory enhancement extends to these non-predictive stimuli. Importantly,
we ensured that the UI were introduced only after the association between the predictive cues
and the outcomes was established, i.e., making use of the blocking effect (Fanselow, 1998). We
hypothesized that if PEs induce a transient window of enhanced encoding, memory should also
be increased for uninformative stimuli presented shortly after the predictive stimulus.
Alternatively, if the PE effects are specific to the encoding of the predictive stimulus, memory
should not be increased for the uninformative stimulus presented between the predictive
stimulus and the PE.

While Studies I to IV focused on behavioral investigations of the cognitive mechanisms
underlying PE-induced memory formation, the neural mechanisms remain elusive. Specifically,
it 1s unclear how the brain integrates unexpected outcomes to prioritize preceding, neutral
events into long-term memory. Understanding this process at a neural level is crucial for
building computational models of adaptive memory and for identifying potential intervention
targets in memory disorders. Previous fMRI work (Kalbe & Schwabe, 2022b) provided first
hints, such as an increased crosstalk between frontoparietal networks and the salience network,
but its temporal resolution is insufficient to resolve the rapid dynamics likely involved in PE-
driven memory formation. In Study V, we aimed to further explore the neural states that may
support PE-driven memory enhancement. Specifically, two plausible mechanisms may underly
these effects (see Figure 1): First, PEs might trigger a post-encoding reactivation of the
predictive stimulus thereby enhancing its encoding. This mechanism is supported by evidence
linking post-encoding reactivation to later recall (Staresina et al., 2013; Tambini et al., 2020).
Alternatively, the neural state shortly before the PE could drive the memory enhancing effects
by sustaining a neural representation of the predictive stimulus when the PE occurs. This
mechanism is in line with behavioral tagging models proposing that pre-activated
representations can be strengthened by salient events (Kalbe & Schwabe, 2022a; Moncada et
al., 2015). Neural markers of this maintenance mechanism may include alpha oscillations that
are linked to attention (Payne & Sekuler, 2014), theta oscillations that are associated with
binding of associative memory and reinstatement memory as well as a reactivation of the
stimulus representations (Kota et al., 2020; Nyhus & Curran, 2010; Staudigl & Hanslmayr,
2013). To these ends, we employed the same paradigm as in Study III with a variable CS-
outcome delay and combined this task with multivariate electroencephalography (EEG)

analysis and comprehensive behavioral analysis. However, correlational EEG findings cannot
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establish whether these maintenance-related processes are necessary for the PE effects on
memory. To investigate whether neural maintenance mechanisms play a causal role in PE-
driven memory enhancement, we applied inhibitory continuous theta burst stimulation (cTBS)
over the superior parietal cortex, given its significant role in attentional control, working
memory maintenance, and goal-directed updating (Corbetta et al., 1995; D’Esposito & Postle,
2015; Ester et al., 2015; Koenigs et al., 2009; Wager & Smith, 2003). Critically, the stimulation
was administered before participants completed the fear-conditioning and incidental memory
task. If sustained stimulus maintenance is necessary for the PE effect on memory to emerge,
then disrupting this region before the incidental encoding-fear learning task should reduce or

even abolish the memory enhancement for stimuli preceding a PE.
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2 Retrospective and prospective effects of PEs related to aversive events on
subsequent memory

This chapter was published in modified form in: Loock, K., Kalbe, ., & Schwabe, L. (2025). Cognitive

mechanisms of aversive prediction error-induced memory enhancements. Journal of Experimental

Psychology: General, 154(4), 1102—1121. https://doi.org/10.1037/xge0001712

2.1 Background

Every day, we are constantly exposed to a continuous stream of information, yet only
selected experiences are retained in long-term memory. One well-established path to memory
formation is emotional arousal: Emotionally charged events are more vividly remembered,
likely due to amygdala-driven modulation of hippocampal memory processes (Cahill &
McGaugh, 1998; McGaugh, 2018). Beyond arousal, recent work suggests that PEs also serve
as drivers of memory formation (Antony et al., 2021; Kalbe & Schwabe, 2020; Rouhani et al.,
2018). While PE- and arousal-related memory effects sometimes overlap, PE-driven memory
enhancements seem to involve distinct neural processes (Kalbe & Schwabe, 2020, 2022b;
Rouhani et al., 2023), bearing practical implications. Whereas arousal-related effects on
memory might be altered pharmacologically, PE-related effects could be targeted by
modulating expectations.

Critically, PE-related memory effects cannot be fully explained by attention or salience
alone. Unlike “oddball” effects, where surprising stimuli themselves are better remembered, PE
effects selectively enhance memory for predictive stimuli that precede the surprising outcome
(Kalbe & Schwabe, 2020, 2022b; Rouhani et al., 2018; Rouhani & Niv, 2021), suggesting a
mechanism that retrospectively modulates memory formation. A major question related to the
PE effects on memory concerns, however, whether the PE-related memory boost is selective to
the predictive stimulus preceding the PE event. If so, then there should be no memory
enhancement for either stimuli following the PE. Alternatively, it could be hypothesized that
PEs open a transient window of enhanced mnemonic processing that may also enable better
memory for nonpredictive stimuli, suggesting prospective PE effects. Whereas the selective
memory enhancement would involve mnemonic efficiency, the latter would reflect a “better-
safe-than-sorry” mechanism making sure that all stimuli that occurred in the surrounding of an
unexpected emotional event are preferentially stored in memory.

To address this, Studies I and II employed an incidental encoding-fear conditioning
paradigm, they saw a stream of initially neutral stimuli from different categories that were

associated with a differential probability of electric shocks. We asked participants to predict the
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occurrence of an electric shock which then allowed us to calculate PEs based on their
expectation and its deviation from the actual outcome (shock vs. no-shock). Memory for the
presented pictures was tested 24 hours later. Study I aimed to replicate the previously reported
retrospective PE effects on memory and to test whether the memory-enhancing PE effect
extends to stimuli presented after the PE, i.e., prospective PE effects. Study II served to replicate
the findings of Study I. Additionally, we measured autonomic arousal in both Studies to test
whether the observed PE effects go beyond the well-known effects of arousal on memory
formation.
2.2 Studyl

The objectives of Study I were two-fold: first, this study aimed to replicate the enhancing
effects of PEs related to aversive events on the memory for (predictive) stimuli that preceded
the PE. Second, we aimed to test whether the memory-enhancing effects of PEs are limited to
stimuli that immediately preceded the PE or whether PEs may enhance memory also for stimuli
encountered shortly after a PE. In other words, we asked whether PEs may, in addition to the
previously reported retrospective effects (Kalbe & Schwabe, 2020), exert prospective effects
on memory formation. To this end, participants completed a combined incidental encoding-fear
learning task in which they predicted whether a stimulus would be followed by an electric
shock. During this task, we measured skin conductance responses (SCRs) as an indicator of
physiological arousal, enabling us to probe potential arousal effects on memory formation.
Twenty-four hours after encoding, memory was tested in a surprise recognition test.

2.2.1 Methods
2.2.1.1 Participants

Eighty-four healthy volunteers with normal or corrected to normal vision participated
in this study (age: M = 25.11 years, SD = 3.57 years, range = 18-33 years). Participants were
fluent German speakers, had no current illnesses, no life-time history of any mental or
neurological disorders and did not take any prescriptive medication as assessed in a
standardized telephone interview. Furthermore, women being pregnant were excluded from
participation. Six participants were excluded from the analyses because they did not return for
the second experimental day or due to technical failure during the experiment, resulting in a
final sample of n = 78. This sample was part of a larger study on emotional learning processes
(Kalbe & Schwabe, 2022a). The sample size was based on an a priori power calculation using
G*Power (3.1.9.6; Faul et al., 2009). Based on previous research by Kalbe and Schwabe (Kalbe
& Schwabe, 2022a), we assumed d-= .45 as a point estimate for the expected PE effects. The
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power calculation showed that a sample of at least 67 participants is required to detect an effect
of the expected size in a two-tailed paired #-test with a statistical power of 0.95. In line with
these assumptions, a post hoc power simulation using the R-package simR (Green & MacLeod,
2016) for the observed effects of subsequent PEs and our final sample size of 78 participants
yielded a power of 0.99 based on 1000 simulations. All participants provided written informed
consent before participation and received a monetary reimbursement of 20€ at the end of the
study. The study was approved by the ethics committee of the Faculty of Psychology and
Human Movement Science at the Universitit Hamburg and carried out in line with the

Declaration of Helsinki.

2.2.1.2 Materials

For this study, we used the same stimulus set as in Kalbe and Schwabe (2022a). It
consisted of 180 color photographs of animals and 180 color photographs of tools isolated on
white backgrounds. These photographs were taken from already existing databases (Bank of
Standardized Stimuli; Brodeur et al., 2010, 2014), McGill Calibrated Color Image Database
(Olmos & Kingdom, 2004), SUN database (Xiao et al., 2010), Konklab (Konkle et al., 2010),
which were developed for nonemotion research on cognition, vision, and psycholinguistics. All
stimuli were assumed to be of neutral valence, and each object or animal represented a unique
exemplar of its category. Importantly, each photograph was only presented once and there were
not two different photographs of, for example, cats or screwdrivers. From this pool, 30
photographs of animals and 30 photographs of tools were randomly drawn and used on the first
experimental day and 120 photographs for encoding tasks unrelated to the purpose of the
present study. These unrelated tasks took place before and after the relevant learning paradigm
and importantly, did not contain any predictions or aversive events, thus making it highly
unlikely that these tasks interfered with the memory paradigm of interest here. The remaining
180 photographs served as lures for the surprise recognition test on the second experimental
day. The order in which individual items were presented was randomized across participants.
2.2.1.3 Procedure

The study consisted of 2 days, with an encoding session on the first experimental day
and a recognition test on the second experimental day, 24 hr later (see Figure 2).

Upon arrival on the first experimental day, participants provided written informed
consent and received written instructions indicating that they were going to see a series of
photographs of animals and tools and that some of them might be followed by a brief electric

shock. Participants were instructed to try to predict whether a shock would follow the current
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photograph (“shock” vs. “no shock” response). Importantly, participants were neither informed
about the shock contingencies, nor that a subsequent memory test would follow on the second
day.

To record SCRs as indicator of physiological arousal and conditioned fear, electrodes
were placed on the distal phalanx of the second and third finger of the left hand. Skin
conductance was measured using the MP-160 data acquisition and analysis BIOPAC system
(BIOPAC systems, Goleta, California, United States). For electrical stimulation, we used the
STM-200 stimulator module connected to the MP-160. A stimulation electrode was placed on
the back of the right hand near the wrist. Stimulation intensity was adjusted individually to be
unpleasant but not painful using a standardized procedure. More specifically, a total of twelve
200-ms single pulse shocks were administered, with an initial intensity of 10 V. After each trial,
participants rated whether the received shock had been painful in a forced choice fashion using
the “left” (“not painful”) and “right” (“painful”) keys. Whenever a shock was rated as not
painful, its intensity for the next trial was increased slightly. Analogous, when participants rated
the shock as painful, it was decreased slightly. The aim was to choose an intensity that was
unpleasant but not painful to the participants.

During the encoding session, 30 photographs of animals and 30 photographs of tools
were presented in a pseudorandomized order, so that no more than three pictures of the same
category appeared in a row. In each trial, a photograph was shown in the center of a computer
screen for 4.5 s, during which participants were asked to make their binary prediction about the
occurrence of an electric shock using the “1”” and “2” buttons on the keyboard, corresponding
to no shock and shock, respectively (see Figure 2). Critically, shock contingencies were linked
to the item category, such that one image category served as excitatory conditioned stimulus
(CS*) and the other one served as inhibitory conditioned stimulus (CS~). The assignment of
tools or animals as CS™ or CS™ was counterbalanced across participants. In CS™ trials the shock
contingency was two-thirds, resulting in 20 out of 30 trials that included a shock. In CS™ trials,
no shocks were administered. Each trial was followed by a black fixation cross centered on
white background for 8 + 2 s, which enabled measuring the relatively slow SCRs elicited by
the photographs and the shocks. After the experimental task which lasted approximately 12
min, electrodes were removed and participants were asked to rate the intensity of the shocks on

a scale from 1 (not unpleasant at all) to 10 (extremely unpleasant).
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Figure 2
Experimental Procedure of Study I and 11
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Note. Participants completed a combined Pavlovian fear-conditioning and incidental memory paradigm.
They saw initially neutral pictures from two different categories, one of which was associated with receiving
an electric shock with a shock-contingency of 67% (CS*). In each trial, they were asked to make their binary
prediction about the occurrence of an electric shock. Critically, in Study I, the 200ms-shock occurred after
stimulus offset while the shock coterminated with the predictive stimulus in Study II (4.3 sec after stimulus
onset). On a second experimental day, memory was tested for these in items in a surprise recognition test.
Pictures taken from “The Bank of Standardized Stimuli (BOSS), a New Set of 480 Normative Photos of
Objects to Be Used as Visual Stimuli in Cognitive Research” by Brodeur et al. (2010) and from “Bank of
Standardized Stimuli (BOSS) Phase II: 930 New Normative Photos” by Brodeur et al. (2014). CC BY 4.0.

On Experimental Day 2, 22-26 hr after the encoding session, participants returned for a
surprise recognition test. First, they completed a short questionnaire to assess whether they
anticipated a memory test and then rated how surprised they were about the recognition test on
a scale from 1 (not surprised at all) to 5 (very surprised). Next, they received written
instructions explaining details of the recognition test. During the recognition test, participants
were presented all pictures they had seen on Experimental Day 1 (90 pictures of animals and
90 pictures of tools) as well as 180 “new” pictures (90 pictures of animals and 90 pictures of
tools) that had not been presented on the previous day. Each trial started with a central black
fixation cross on a white background for 1.5 + 0.5 s, followed by an “old” or “new” picture

presented centrally on the computer screen. For each item, participants had to indicate whether
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the currently presented picture was definitely old, maybe old, maybe new, or definitely new by
pressing the “1,” “2,” “3,” or “4” button on the keyboard, respectively. There were no time

restrictions for participants’ responses.

2.2.1.4 Data analysis

For each trial, we derived binary PEs which were calculated as the absolute value of the
difference between participants’ explicit binary shock expectancy ratings (coded 0 when no
shock was expected and coded 1 when a shock was expected) and the actual outcome of the
trial (coded 0 when no shock occurred and 1 when a shock occurred in the current trial).
Therefore, the resulting unsigned PE is also binary, attaining 0 for any correct prediction (i.e.,
either an expected shock or an expected shock omission) and 1 for any incorrect prediction (i.e.,
either an unexpected shock or an unexpected shock omission). SCRs were analyzed using
Continuous Decomposition Analysis in Ledalab Version 3.4.9 (Benedek & Kaernbach, 2010).
We derived the average phasic driver within a specified response window. First, the skin
conductance signal was downsampled to a resolution of 50 Hz and optimized using four sets of
initial values to increase the goodness of the model. For the anticipatory SCR, the response
window was set from 0.5 to 4.5 s after stimulus onset. For the outcome-related SCR, the
response window was set from 4.5 to 7.9 s after stimulus onset. More importantly, aversive
electric stimulation always occurred exactly 4.5 s after stimulus onset; thus, leaving the
anticipatory SCR unbiased by the shock itself. The minimum amplitude threshold was set to
0.01 uS for both the anticipatory and the outcome-related SCR. Resulting estimates of average
phasic driver within each response window were returned in uS. Notably, these estimates are
sensitive to interindividual baseline skin conductance differences because of physiological
factors such as the thickness of the corneum (Figner & Murphy, 2011). To account for these
interindividual baseline differences, we therefore standardized both the anticipatory and the
outcome-related SCR by dividing the average phasic driver estimated in each trial by the
maximum average phasic driver for each participant observed in each of the 60 trials. Due to
an experimenter error, SCR data for one additional participant was missing.

To investigate how PEs impacted the ability to recognize pictures presented during
incidental encoding on the next day, we fitted generalized linear mixed models (GLMMs) with
a logit link function using the Ime4 R package (Bates et al., 2015). Compared with a “classic”
analysis of proportions of binary recognition per condition and per participant, GLMMs have
several advantages, such as increased statistical power and being less prone to spurious results
(Dixon, 2008; Jaeger, 2008). Following guidelines to maximize the generalizability of these

models, we included the maximal random effects structure, treating subjects as random effects
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for both the intercept and all slopes of the fixed effects included in the model (Barr et al., 2013).
The recognition of an individual item was treated as the binary dependent variable, coded “0”
for misses and “1” for hits. In line with previous research on episodic memory (Bartlett et al.,
1980; Kalbe & Schwabe, 2022b), our analysis focused on high-confidence responses, that is,
only trials in which participants indicated that they were very sure were considered. Such high-
confidence recognitions have been linked to a hippocampus-based recollection rather than only
familiarity with an item, which is assumed to depend on the perirhinal cortex (Eichenbaum et
al., 2007). Accordingly, we computed hit rates (i.e., recognizing an item as “surely old’) and
category-based false alarm rates referring to conditioning on category level. (CS+ vs. CS—;
please note that new items of the category that had been a CS+ during encoding have never
been paired with the shock.) We fitted models using different sets of independent variables,
including subsequent PEs, previous PEs, anticipatory and outcome-related arousal, and the
explicit shock prediction. To further elucidate the effects of PEs on episodic memory, we
computed subsequent PEs and previous PEs to investigate retro- and prospective effects of PEs
on subsequent memory. In the analysis of retrospective PE effects, subsequent PEs were linked
to the memory of the preceding stimulus in the same trial, that is, PE of Trial 3 referred to the
predictive item of Trial 3. In the analysis of potential prospective PE effects, previous PEs were
linked to the memory of the stimulus in the following trial, that is, the PE in Trial 3 was used

as predictor for subsequent memory of the item presented in Trial 4.

2.2.1.5 Transparency and openness
The materials, data, and R analysis scripts are publicly available on the Research Data
Management System of University of Hamburg and can be accessed at https://www.fdr.uni-

hamburg.de/record/14147 (Loock et al., 2024). This study was not preregistered.
2.2.2 Results

2.2.2.1 Successful fear conditioning

An analysis of SCR data confirmed that fear was successfully induced for CS* items
(see Figure 3A). On average, participants showed significantly higher anticipatory SCRs to CS*
items (M = 0.21, SD = 0.01) compared to CS™ items (M = 0.17, SD = 0.01); #(76) = 3.87, p <
.001, d = 0.42. Furthermore, outcome-related SCRs were significantly higher for shocked items
(M=0.42, SD =0.01) compared to unshocked items (M = 0.10, SD = 0.01), #(76) = 21.29, p <
.001, d = 3.15. Explicit shock ratings showed that participants learned the shock contingencies
very well. On average, incorrect predictions were made in 29% (SD = 0.11) of all trials with

substantially more PEs for CS™ (M = 0.47, SD = 0.10) compared to CS™ items (M =0.11, SD =
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0.16), 1(77) = 19.05, p <.001, d = 2.71 (see Figure 3B). As expected, PEs decreased as the task
progressed, r(58) = —0.53, p <.001.
2.2.2.2 General memory performance

As expected, participants on average were moderately surprised by the recognition test
(see Supplemental Material). Overall, participants performed very well in the recognition task,
as indicated by significantly higher hit rates (M = 0.42, SD = 0.17) than category-based false
alarm rates (M =0.23, SD=0.10), (77)=—-7.54, p<.001, d = 1.37 (see Figure 3C). Importantly,
the category-based false alarm rate for the CS+ items (M = 0.23, SD = 0.12) was comparable to
the false alarm rate for items from the CS— category (M = 0.23, SD = 0.13), (77) = 0.51, p =
.611, d=0.07. Note that new items have never been paired with a shock and false alarms relate
to the whole category. As expected, the average hit rate for items from the CS+ category (M =
0.48, SD = 0.20) was significantly higher than for items from the CS— category (M = 0.35, SD
= 0.20), 77) = 5.59, p < .001, d = 0.65. These finding dovetails with the assumption that
memory advantages for CS+ items are attributed to increased physiological arousal. When we
used the signal detection theory-based parameter d’, d’ was increased for CS* items (M = 1.50,
SD = 0.55) compared to CS™ items (M = 1.06, SD = 0.53; #(75)= 6.24, p <.001, d = 0.81).

In order to test whether participants expected the recognition test on the second
experimental day, they rated their level of surprise related to the recognition test on a scale
ranging from 1 (not surprised at all) to 5 (very surprised). On average, participants were
moderately surprised (M = 3.05, SD = 0.97). Five participants chose the ‘not surprised at all’
option. Because excluding them did not affect the results, they were included in all analyses.
2.2.2.3 Modelling recognition performance at item level

So far, we showed that CS* items were better remembered after 24 h than CS™ items. To
test whether PEs drive the emotional memory enhancement, we computed GLMMs at item
level treating the binary recognition of an item as the dependent variable.

In a first minimal model, we tested whether uPEs that followed a CS contribute to
subsequent recognition of this CS item. Therefore, we treated the binary subsequent PE as the
sole independent variable to predict the binary recognition of an item. This revealed that
episodic memory was indeed enhanced for trials in which an incorrect shock prediction for the
predictive target has been made (z = 4.90, p <.001, S = 0.90; see Figure 3D). To rule out that
those PE effects were due to the explicit shock prediction, we also computed a model that
included the explicit shock prediction and the binary subsequent PE as independent variables

to predict the binary item recognition. Critically, even after controlling for the shock prediction
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we found a memory enhancing effect of subsequent PEs in this model (z =4.72, p <.001, =
0.76). To investigate the possibility that the effects of physiological arousal and the effects of
PEs on memory might be confounded, we added both measures of arousal (i.e., anticipatory
and outcome related SCRs) to the minimal model that featured only the binary subsequent PE
as the sole independent variable. This model revealed no significant effect of anticipatory SCRs
on item recognition (z =—1.47, p=.142, f =—0.54). Larger outcome-related SCRs, on the other
hand, were associated with better item recognition (z =4.20, p <.001, = 1.45). For subsequent
PEs, our results showed that recognition was improved significantly (z = 4.36, p < .001, =
0.76), suggesting that subsequent PEs enhanced memory even after controlling for arousal.

In a next step, we tested whether uPEs that preceded an item and were actually related
to the previous item may exert also prospective effects, contributing to the recognition of the
item following the PE. To this end, we treated the binary previous PE as the sole independent
variable to predict the binary recognition of the following item. This revealed that episodic
memory was indeed enhanced for items following a PE, z=3.48, p <.001, #=0.57. In addition,
we also computed a model that included the explicit shock prediction and the previous PE as
independent variables to predict the binary item recognition. Critically, even after controlling
for the shock prediction the memory enhancing effect of previous PEs remained in this model
(z=2.68,p=.007, p=0.37). Same as in the analysis of subsequent PE effects, we added both
measures of arousal (i.e., anticipatory and outcome related SCRs) to the minimal model that
featured only the binary previous PE as the sole independent variable to rule out confounds
with physiological arousal. This revealed no significant effect of anticipatory SCRs on item
recognition (z = —1.48, p = .140, f = —0.53). Larger outcome-related SCRs, on the other hand,
were associated with better item recognition (z = 4.19, p <.001, g = 1.50). For previous PEs,
there was a strong trend in the direction of memory enhancement, which did, however, not
reach significance anymore (z = 1.95, p = .051, = 0.29).

Additionally, we sought to determine whether the subsequent PE and previous PE reflect
distinct mechanisms. Therefore, we added both the subsequent PE and the previous PE as
independent variables. Estimates obtained revealed that subsequent PEs, z=4.85, p <.001, =
0.74, and previous PEs, z = 3.11, p = .002, 5 = 0.44, showed a positive relationship with item
recognition, suggesting that both contribute distinctly to memory recognition. In a follow-up
model, we added anticipatory arousal and outcome-related arousal as predictors. Again,
anticipatory SCR did not influence item recognition significantly, z=-1.58, p =.114, £ =-0.62,
while larger outcome-related SCRs were associated with better item recognition, z = 3.95, p <

.001, f=1.42. While our analyses showed that item recognition was still significantly enhanced
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by subsequent PEs, z=4.12, p <.001 , f# = 0.72, previous PEs did not predict item recognition
significantly anymore, z = 1.20, p = .230, # = 0.18, suggesting that PEs directly associated with
a (preceding) item exert an effect that is distinct from the effect of arousal, while the effects of
PEs on the memory of a subsequently presented item appear to be at least partly driven by

outcome-related arousal.

2.2.3 Conclusion

The findings of this study replicate the previously reported enhancing effects of PEs
associated with aversive events on subsequent memory for the stimulus encountered before the
PE. In line with these previous reports (Kalbe & Schwabe, 2020, 2022b), these PE effects could
not be explained by mere increases of arousal. Interestingly, beyond these retrospective
memory enhancements of PEs, we obtained also first evidence that PE enhance memory not
only for items preceding the PE but also for items that followed a PE. In contrast to the
retrospective effects of PEs, however, these prospective PE effects appeared to be at least partly
driven by (outcome-related) arousal.
2.3 Study II

Study I provided initial evidence for a prospective effect of PEs on subsequent memory
for stimuli encountered shortly after the PE. Study II served to replicate this prospective PE
effect on memory, as well as the retrospective PE effect that was shown to go beyond the well-

established effects of arousal on memory.
2.3.1 Methods

2.3.1.1 Participants

Eighty-four healthy volunteers participated in this study (age: M = 25.17 years, SD =
4.26 years, range = 18-34 years). Exclusion criteria were the same as those in Study I. Three
participants were excluded from the analyses due to technical failure during the experiment,
resulting in a final sample of n = 81. None of the participants had participated in Study I. This
sample is part of a larger study on emotional learning processes (Kalbe & Schwabe, 2022a).
The target sample size was based on an a priori power calculation with identical parameters as
in Study I, showing that a sample of 67 participants is sufficient to detect a medium-sized effect
(d:- = .45) of subsequent PEs with a power of .95. In addition, we performed a post hoc power
simulation using the R-package simR (Green & MacLeod, 2016). For the observed subsequent
PE effects and our final sample size of 81 participants, it yielded a power of 0.99 based on 1000
simulations. All participants provided written informed consent before participation and

received a monetary reimbursement of 30€ at the end of the study. The study was approved by
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the ethics committee of the Faculty of Psychology and Human Movement Science at the
University of Hamburg and carried out in line with the Declaration of Helsinki.
2.3.1.2 Materials

We used the same stimulus set as in Study I. The stimulus set consisted of 60
photographs (i.e., 30 animals and 30 tools) on the first experimental day and 180 photographs
that were used as lures in the recognition test on the second experimental day. Same as in Study
I, the order of stimulus presentation was randomized across participants. The assignment of
photograph category (i.e., tools or animals) as CS* or CS™ was counterbalanced across
participants.
2.3.1.3 Procedure

The procedure of Study II was largely identical to the procedure of Study I, except that
we changed the timing of the electric shock during the incidental encoding-fear learning session
to make our procedure more comparable with previous learning paradigms (Dunsmoor et al.,
2015; see Kalbe & Schwabe, 2022a). Specifically, in Study II, a 200-ms-electric shock occurred
4.3 s after stimulus onset and thus coterminated with the predictive stimulus during the learning
task.
2.3.1.4 Data analysis

The statistical analysis was identical to Study I.

2.3.1.5 Transparency and openness.
The materials, data, and R analysis scripts are publicly available on the Research Data
Management System of University of Hamburg and can be accessed at https://www.fdr.uni-

hamburg.de/record/14147 (Loock et al., 2024). This study was not preregistered.
2.3.2 Results

2.3.2.1 Successful fear conditioning

Descriptively, participants showed higher anticipatory SCRs to CS™ items (M = 0.16,
SD =0.01) compared to CS™ items (M = 0.15, SD = 0.01). However, this descriptive difference
was not statistically significant, #80) = 1.03, p = .308, d = 0.09 (see Figure 3E). We also used
a Through-to-Peak Analysis of the anticipatory SCR data, a more traditional approach of SCR
analysis (Boucsein, 1992; Kalbe & Schwabe, 2022a), instead of a continuous decomposition
analysis. This analysis showed that SCRs were significantly higher in response to CS+
compared to CS- items, (#80)= 2.75, p = .007, d = 0.27). Outcome-related SCRs were
significantly higher for shocked items (M = 0.34, SD = 0.01) compared to unshocked items (M
= 0.10, SD = 0.01), #(80) = 16.46, p < .001, d = 2.21). Explicit shock ratings showed that
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participants learned the shock contingencies very well. On average, incorrect predictions were
made in 29% (SD = 0.12) of all trials with substantially more PEs for CS* items (M = 0.45, SD
=0.09) compared to CS™ items (M = 0.12, SD = 0.18), #80) = 17.40, p < .001, d = 2.41 (see
Figure 3F). Similarly to Study I, PEs decreased as the task progressed, (58) = —0.48, p <.001.
2.3.2.2 General memory performance

As expected, Participants on average were moderately surprised by the recognition test
(see Supplemental Material). Again, participants performed very well in the recognition task,
as indicated by significantly higher hit rates (M = 0.43, SD = 0.16) than category-based false
alarm rates (M =0.26, SD =0.10), #(80)=—7.77, p <.001, d=1.25 (see Figure 3G). Importantly,
the category-based false alarm rate for the CS+ items (M = 0.27, SD = 0.13) was comparable to
the false alarm rate for items from the CS™ category (M = 0.26, SD = 0.14), #(80) = 0.69, p =
494, d=0.10. As expected, the average hit rate for items from the CS™ category (M = 0.51, SD
= 0.22) was significantly higher than for items from the CS™ category (M = 0.35, SD = 0.17),
#(80)=6.84, p <.001, d = 0.81, in line with the findings of Study I. The sensitivity measure d’
was also significantly higher for CS™ items (M = 1.38, SD = 0.67) than for CS- items (M = 1.04,
SD =0.51; #80)=5.24, p <.001, d = 0.58).

Again, participants rated their level of surprise related to the recognition test on a scale
ranging from 1 (not surprised at all) to 5 (very surprised). On average, participants were
moderately surprised (M = 3.17, SD = 1.14). Eight participants chose the ‘not surprised at all’

option. Because excluding them did not affect the results, they were included in all analyses.

2.3.2.3 Modelling recognition performance at item level

To further elucidate whether PEs enhance memory for preceding and subsequent
stimuli, we computed the same GLMMs as in Study I to predict the binary recognition of an
item.

We started with a minimal model, in which we tested whether uPEs that followed a CS
contribute to subsequent recognition of this CS item. Therefore, we treated the binary
subsequent PE as the sole independent variable to predict the binary recognition of an item.
Again, this analysis revealed that memory was enhanced for trials in which a PE occurred (z =
4.58, p <.001, p =1.02; see Figure 3H). To rule out that those PE effects were only due to the
explicit shock prediction, we also computed a model that included the explicit shock prediction
and the binary subsequent PE as independent variables to predict the binary item recognition.
Critically, even after controlling for the shock prediction we were able to replicate the memory

enhancing effect of subsequent PEs in this model (z =4.49, p <.001, f =0.78). To investigate
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the possibility that the effects of physiological arousal and the effects of PEs on memory are
confounded, we added both measures of arousal (i.e., anticipatory and outcome related SCRs)
to the minimal model that featured only the binary subsequent PE as the sole independent
variable. This analysis showed no significant effect of anticipatory SCRs on item recognition
(z=1.26, p=.209, = 0.42) nor of outcome-related SCRs (z = 1.53, p =.127, f = 0.49). Most
importantly and in line with Study I, our results showed for subsequent PEs that recognition
was significantly enhanced (z = 4.95, p < .001, p = 0.87), suggesting that subsequent PEs
enhanced memory even after controlling for arousal.

Study I provided initial evidence for prospective effects of PEs, that is, memory
enhancing effects of PEs for stimuli encoded after the PE. To test whether we can replicate this
effect, we treated the binary previous PE as the sole independent variable to predict the binary
recognition of the following item. This analysis revealed that episodic memory was indeed
enhanced for items following an incorrect prediction (i.e., a PE; z = 5.03, p <.001, g = 0.74).
In addition, we also computed a model that included the explicit shock prediction and the
previous PE as independent variables to predict the binary item recognition. Critically, even
after controlling for the shock prediction, we obtained a memory enhancing effect of previous
PEs in this model (z =3.46, p <.001, = 0.50). Same as in Study I, we added both measures of
arousal (i.e., anticipatory and outcome-related SCRs) to the minimal model that featured only
the binary previous PE as the sole independent variable to rule out confounds with physiological
arousal. Interestingly, this model revealed neither a significant effect of anticipatory SCR (z =
1.57,p=.116, f=0.61) nor of outcome-related SCR on item recognition (z=1.19, p = .234,
= 0.39). Importantly, however, we obtained a significant effect of previous PEs on item
recognition in this model (z =4.73, p <.001, = 0.69).

Additionally, we sought to investigate whether the subsequent PE and previous PE
reflect distinct mechanisms. Therefore, we added both the subsequent PE and the previous PE
as independent variables to an additional model. Estimates obtained revealed that subsequent
PEs, z = 4.77, p < .001, 3 = 0.87, and previous PEs, z = 4.56, p < .001, # = 0.67, showed a
positive relationship with item recognition, dovetailing with the results of Study 1 suggesting
that both contribute distinctly to memory recognition. In a follow-up model, we added
anticipatory arousal and outcome-related arousal as predictors. Interestingly, neither
anticipatory SCRs, z = 1.77, p = .078, 8 = 0.67, nor outcome-related SCRs influenced item
recognition significantly, z=0.48, p = .629, s = 0.16. Most strikingly, our analyses showed that
item recognition was significantly enhanced by both, the subsequent PEs, z = 4.65, p < .001, /3
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= 0.86, and previous PEs, z =4.38, p <.001, /3 = 0.65, suggesting that both types of PEs seem
to be distinct from the effect of arousal.
2.3.3 Conclusion

The findings of Study II replicate the previously reported enhancing effects of
(unsigned) PEs associated with aversive events on subsequent memory for the stimulus
encountered before the PE. Moreover, our findings further replicate the prospective memory
enhancement induced by PEs. In contrast to Study I, which suggested that the prospective PE
effects on memory may be due to arousal, the findings of Study II show that both the
retrospective PE effects and the prospective PE effects on memory were independent of
physiological arousal, as measured by SCR. The failure to replicate the effects of arousal on
memory that we observed in Study I suggests that arousal effects on memory might be less

robust than those of PEs on memory.
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Figure 3
Results of Study I and Study 11
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Note. Anticipatory skin conductance responses and hitrates were always significantly higher for items from the CS™ category compared to items from the CS- category
in both Study I (A,C) and Study II (E,G), confirming that the fear conditioning procedure was successful. Additionally, shock contingencies were learned well in Study
I (B) and II (F; thick lines) approaching the underlying shock contingencies (dotted lines). GLMMs revealed that subsequent PEs significantly enhanced recognition
memory for predictive stimuli in both studies (D,G). Black dots show individual data. Thick red bar represents group mean, while thin red bars show +1 standard error
of the mean.
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3 Is the PE-induced memory enhancement time dependent?
This chapter was published in modified form in: Loock, K., Kalbe, F., & Schwabe, L. (2025). Cognitive
mechanisms of aversive prediction error-induced memory enhancements. Journal of Experimental

Psychology: General, 154(4), 1102—1121. https://doi.org/10.1037/xge0001712

3.1 Background

In line with previous studies (Kalbe & Schwabe, 2020; Kalbe & Schwabe, 2022b; for a
review, see Rouhani et al., 2023), the results of Studies I and II show consistently that PEs
associated with aversive events enhance subsequent memory, beyond arousal effects on
memory. Notably, the results of Studies I and II indicated further that PE effects may extend to
stimuli following the PE, suggesting a brief time window of enhanced processing induced by
the PE that lasts for at least a few seconds.

Expanding on these observations, Study III focused on the temporal dynamics underlying
PE-related memory effects. Specifically, we aimed to elucidate whether the retrospective PE
effect on memory depends on the temporal proximity between the predictive stimulus and the
unexpected outcome, i.e. whether maintaining the representation of the predictive cue over time
is necessary for the PE effect to occur. From a theoretical perspective, learning can be based on
either temporal contiguity or contingency (Schultz, 2006). If PE-related memory effects rely on
temporal contiguity, this would imply that memory for the predictive cue (either preceding or
following the PE) is enhanced primarily due to its mere temporal proximity to the surprising
outcome. To test this, we (i) systematically manipulated the CS-outcome delay, varying it
between 0 and 10 seconds. Additionally, we (ii) examined whether PE effects on memory
depend on the time interval between encoding and testing in order to assess whether the PE
effects emerge during memory encoding or consolidation. Thus, participants’ recognition
memory was tested either immediately after encoding or 24 hours later, as in Studies I and II
(and all previous studies on PEs related to aversive events and memory (see Kalbe & Schwabe,
2020, 2022b)). Additionally, we sought to examine the impact of positive and negative PEs on
memory, given that they exert distinct effects on memory formation (Kalbe & Schwabe, 2022b;
Rouhani et al., 2023; Rouhani & Niv, 2021). To this end, we modified our experimental
paradigm in two ways to achieve an adequate distribution of both positive and negative PEs:
First, we presented three CSs, with one CS™ and two CS* with different contingencies. Second,
participants were asked to rate their shock expectancy on a continuous scale from 0 to 100 (see

Pine et al., 2018).
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3.2 Methods

3.2.1 Participants

One hundred twenty-three healthy volunteers participated in this study (age: M = 25.95
years, SD = 4.33 years, range = 18-35 years). Exclusion criteria were identical to those in
Studies I and II. Five participants were excluded from the analyses due to technical failure
during the experiment or because they did not return for the second experimental day, resulting
in a final sample of n = 118. Importantly, none of the participants had participated in Study I or
II. The target sample size was based on previous findings of signed aversive PE effects on
episodic memory formation (Kalbe & Schwabe, 2022b). Because we modified the experimental
design, in particular by adding a variable time interval between CS and outcome and by adding
the between-factor retention interval (immediate vs. 24 hr delay), we doubled the reported
sample size of Kalbe and Schwabe (2022b). Thus, we expected a sample of 120 participants to
be sufficient to detect a power of at least 0.90. In line with these assumptions, a post hoc power
simulation using the R-package simR (Green & MacLeod, 2016) for the observed effects of the
subsequent sPE and our final sample size of 118 participants yielded a power of 0.92 based on
1000 simulations. All participants provided written informed consent before participation and
received a moderate monetary reimbursement (up to 50 €) at the end of the study. The study
was approved by the ethics committee of the Faculty of Psychology and Human Movement

Science at the Universitdt Hamburg and carried out in line with the Declaration of Helsinki.

3.2.2 Materials

In Study III, we used stimuli from Kalbe and Schwabe (2022b) but added more stimuli
due to the increased trial number. Stimuli were taken from existing image databases, that is,
Bank of Standardized Stimuli (Brodeur et al., 2010, 2014), McGill Calibrated Color Image
Database (Olmos & Kingdom, 2004), SUN database (Xiao et al., 2010), Konklab (Konkle et
al., 2010), and open-online sources. In total, the stimulus set consisted of 810 pictures of
vehicles, tools, and clothes, isolated on white background. All stimuli were assumed to be
emotionally neutral and represented a unique exemplar of its category. From this pool, 120
pictures of vehicles, 120 pictures of tools, and 120 pictures of clothes were randomly drawn
and used during encoding on the first experimental day. From the remaining 450 pictures, 180
randomly chosen pictures (60 pictures per category) served as lures for the surprise recognition
test on the second experimental day. The allocation of images as encoding items or lures was
randomized across participants and thus unique per participant. In addition, the order in which

individual items were presented was randomized across participants.
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3.2.3 Procedure

The study consisted of two parts, with an encoding session on the first experimental day
and a recognition test on the second day (see Figure 4A). Depending on the experimental group,
the recognition test took place either immediately after the encoding session or 22-26 hr later.
Participants were pseudorandomly assigned to the two groups (immediate group: 20 men, 36
women, Mage: 25.93 (SD = 4.13); 24-hr-delay group: 23 men, 37 women, Mage: 25.97 (SD =
4.54)). Upon arrival on the first experimental day, participants provided written informed
consent and received written instructions that they were going to see a series of photographs of
vehicles, tools, and clothes and that some of them might be followed by a brief electric shock.
They were then instructed to predict how likely a shock would be to follow the current picture
(see Figure 4A). Therefore, they were requested to adjust the slider on the screen to a value
corresponding to their prediction of the shock probability (ranging from 0% to 100%).
Importantly, participants were neither told about the shock contingencies, nor that their memory
would be tested later on. They were informed that their predictions would not affect the
probability that a shock would occur, but that they should aim at improving their predictions
over the task. Unbeknownst to the participants, the probabilities of a shock were linked to the
image categories. One category served as CS*" (67% shock probability), one as CS®** (33%
shock probability), and one as CS™ (0% shock probability). The assignment of image categories
(i.e., vehicles, tools, and clothes) to the CS categories (i.e., CS*", CS®" and CS”) was
counterbalanced across participants and groups.

To measure SCRs as indicator of physiological arousal through the incidental encoding-
fear learning task, we placed disposable, pregelled snap-electrodes on the thenar and hypothenar
eminence of the left hand (see Kalbe & Schwabe, 2022b). Skin conductance was measured
using the MP-160 BIOPAC system (BIOPAC systems, Goleta, California, United States). For
electrical stimulation, we used the STM-100C module connected to the MP-160. A stimulation
electrode was placed on the back of participants’ right lower leg, approximately 20 cm above
the ankle. Before the learning task, stimulation intensity was adjusted individually to be
unpleasant but not painful as described in Study I.

The encoding session on the first experimental day consisted of four blocks with 90
trials each. In each block, 30 pictures of vehicles, 30 pictures of tools, and 30 pictures of clothes
were presented in a pseudorandomized order, so that no more than three pictures of the same
category appeared in a row. On each trial, a picture was shown in the center of a computer
screen for 4.5 s, during which participants were asked to make their prediction about the

probability of an electric shock (Figure 4A). Therefore, a slider was presented beneath each
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image which could be adjusted to any integer value between 0% and 100% using the computer
mouse. After stimulus offset, a black dot was presented centrally on the screen which
coterminated with the 200 ms-outcome (shock vs. no-shock). Critically, the duration of the
dot’s presentation ranged randomly between 0 and 10 s per trial to vary the critical CS-outcome
delay. Each trial was followed by a black fixation cross centered on gray background for 6.5 +
1.5 s, which enabled us to measure the relatively slow SCRs elicited by the pictures and the
shocks. Between blocks there were short breaks (1-2 min) during which participants had the
chance to recalibrate the shock intensity, if required. Each encoding block lasted approximately
25 min, resulting in a total duration of 100 min for the entire incidental encoding-fear learning
session.

The surprise recognition test took place either immediately after the encoding session
or on the next day, 22-26 hr later, depending on the experimental group. Same as in Study [
and II, participants completed a short questionnaire to assess whether they anticipated a memory
test and then rated how surprised they were about the recognition test on a scale from 1 (not
surprised at all) to 5 (very surprised). In the recognition test, participants saw all pictures they
had seen during the encoding session (120 pictures of vehicles, 120 pictures of tools and 120
pictures of clothes) as well as 180 “new” pictures (60 pictures of vehicles, 60 pictures of tools,
and 60 pictures of clothes) that had not been presented before in a randomized order. Each trial
started with a central white fixation cross on a white background for 1.5 £ 0.5 s, followed by
an “old” or “new” picture presented centrally on the computer screen for 6 s. For each item,
participants were instructed to indicate whether the currently presented picture was definitely
old, maybe old, maybe new, or definitely new by pressing the “1,” “2,” “3.” or “4” button on
the keyboard, respectively.

3.2.4 Data analysis

For each trial, we derived uPEs which were calculated as the absolute value of the
difference between participants’ continuous explicit shock expectancy ratings (ranging from 0,
corresponding to full confidence that no shock would occur, to 1, corresponding to full
confidence that a shock would occur) and the actual binary outcome of the trial (coded 0 when
no shock occurred and 1 when a shock occurred in the current trial). The resulting uPE is,
therefore, ranging between 0 and 1. Because the modified paradigm of Study III allowed us to
measure continuous PEs we derived also an sPE. We focused our analyses on sPE effects
because these represent a more accurate measure of the PE and allow a distinction between
positive and negative PEs. Analyses using the uPE as predictor are presented in the

Supplemental Material.
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The sPE was calculated as the relative value of the difference between the binary
outcome of a trial (1 for shock and 0 for nonshock) and the explicit shock prediction and could
take any integer value between —1 and 1. Importantly, the sign of the sPE contained information
about the outcome’s value: A negative sPE (sPE < 0) could only occur in unshocked trials
corresponding to unexpected shock omissions, whereas positive sPEs (sPE > 0) could only
occur in shocked trials corresponding to unexpected shock occurrence.

Again, SCRs were analyzed using continuous decomposition analysis in Ledalab
Version 3.4.9 (Benedek & Kaernbach, 2010) and calculated in the same way as in Studies I and
II. Deviations were due to altered response windows as a consequence of the variable CS-
outcome delay: For the anticipatory SCR, the response window was set from 0.5 after stimulus
onset until the onset of the outcome (shock vs. no-shock) and could thus vary depending on the
CS-outcome delay. Outcome-related SCR was analysed between 0.5 s and 4.5 s after outcome
onset, in line with Studies I and II. Resulting estimates of the average phasic driver within each
response window were returned in uS. Post-hoc comparisons of ANOVAs were always
Bonferroni-corrected.

Again, we fitted GLMMs with a logit link function using the Ime4 R package (Bates et
al., 2015) and treated subjects as random effects for both the intercept and all slopes of the fixed
effects included in the model (Barr et al., 2013). The recognition of an individual item was
treated as the binary dependent variable, coded “0” for misses and “1” for confident hits. We
fitted models using different sets of independent variables, including subsequent PEs, previous
PEs, anticipatory and outcome-related arousal, the explicit shock prediction, the retention
interval, and the CS-outcome delay. In line with Studies I and II, we also distinguished between
subsequent and previous PEs with the former referring to PE effects on the recognition of the
preceding stimulus and the latter referring to PE effects on the recognition of the following
stimulus. If not indicated otherwise, all analyses were collapsed across both retention intervals.
3.2.5 Transparency and openness

The materials, data, and R analysis scripts are publicly available on the Research Data
Management System of University of Hamburg and can be accessed at https://www.fdr.uni-
hamburg.de/record/14147 (Loock et al., 2024). This study was not preregistered.

3.3 Results
3.3.1 Successful fear conditioning

SCR data confirmed the expected fear learning process. Specifically, anticipatory SCR

differed significantly between conditioning categories, F(2, 234) = 4.18, p = .016, partial > =
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0.002 (Figure 4D). Post hoc paired #-tests showed that participants showed higher anticipatory
SCRs to CS*" items (M = 0.09, SD =0.01) compared to CS™ items (M = 0.08, SD =0.02), #(117)
=2.53, p=.012,d = 0.11. Anticipatory SCRs did not differ significantly between CS®* items
(M=0.08, SD=0.01) and CS™ items, #(115) =0.79, p = .434, d = 0.04. Outcome-related SCRs
were significantly higher for shocked trials (M =0.19, SD = 0.10) compared to unshocked trials
(M =0.05,SD=0.10), (115) = 10.83, p <.001, d = 1.40.

Explicit shock ratings further showed that participants learned the shock contingencies
over the task very well (see Figure 4C). Participants had a significantly higher shock expectancy
for CS* (M = 0.71, SD = 0.17) compared to CS*" (M = 0.47, SD = 0.12), #(117) = 13.27, p <
.001, d = 1.52, and for CS®* compared to CS™ (M = 0.13, SD = 0.17); #(117) = 18.16, p < .001,
d = 2.11. In addition, PEs were equally distributed around zero (Figure 4B) suggesting a

sufficient number of positive and negative PEs that could be analyzed.

3.3.2 General memory performance

Again, participants were moderately surprised by the recognition test (see Supplemental
Material). Overall, participants performed very well in the recognition task, as indicated by
significantly higher hit rates (M = 0.46, SD = 0.21) than category-based false alarm rates (M =
0.21, SD =0.16), #(353) = 17.02, p <.001, d = 1.29.

Importantly, while false alarm rates were comparable between conditioning categories,
F(2, 234) = 2.34, p = .098, partial #*> = 0.004, hit rates differed significantly between
conditioning categories, F(2,234)=9.61, p <.001, partial #> = 0.016 (see Figure 4E) suggesting
that memory but not the response bias differed between categories. Post hoc paired #-tests
revealed that the average hit rate for CS*" items (M = 0.49, SD = 0.11) was significantly higher
than for CSP" items (M = 0.44, SD = 0.10), #(117) = 3.97, p < .001, d = 0.24, and CS™ items (M
=0.43,SD = 0.12; #(117) = 3.75, p < .001, d = 0.29). The average hit rate for CS®" items did
not differ from the hit rate for CS™ items, #(117) = 0.52, p = .605, d = 0.04. When using the
signal detection theory-based parameter d’ instead of the hit rate, recognition memory was
higher for both CS* items (M = 1.47, SD = 0.66) and CS"" items (M = 1.43, SD = 0.68)
compared to CS- items (M = 1.27, SD = 0.63; vs. CS*": #(112)= 3.34, p = .001, d = 0.30; vs.
CSP": for #(112)=2.63, p = .010, d = 0.24; main effect CS category: F(2,224) = 6.43, p = .002,
partial #° = 0.016).

Moreover, when taking the retention interval into account, recognition memory
performance differed significantly between the immediate and 24 hr delayed groups, as
expected. Participants who underwent the recognition test immediately after the encoding

session (hit rate: M = 0.53, SD = 0.13; d': M = 1.53, SD = 0.71) had a significantly better
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recognition memory than participants who performed the recognition test about 24 hr after
encoding (hit rate: M = 0.38, SD = 0.14, #(348.6) = 7.05, p < .001,d =0.74; d': M =1.24, SD =
0.57, 1(329.11) = 4.24, p < .001, d = 0.43) reflecting the well-known decline in memory over
time. There was no interaction between CS type and retention interval, hit rate: F(2, 232) =
0.19, p = .830, partial > = 0.000; d": F(2, 222) = 1.43, p = .241, partial > = 0.004, suggesting
that the differential memory performance for stimuli from the three CS categories did not differ
between the immediate and 24-hr-delayed groups.

Again, participants rated their level of surprise related to the recognition test on a scale
ranging from 1 (not surprised at all) to 5 (very surprised). On average, participants were
moderately surprised (M = 2.88, SD = 1.10). Fifteen participants chose the ‘not surprised at all’
option. Because excluding them did not affect the results, they were included in all analyses.
3.3.3 Modelling recognition performance at item level

To elucidate the mechanisms of episodic memory formation, we again fitted GLMMs
with recognition of an item as the binary dependent variable and added certain independent
predictors in a step-wise manner, similarly to Studies I and II.

We started with a first minimal model, in which we tested whether trial-wise subsequent
sPEs contribute to later recognition. Therefore, we treated the sPE (ranging from —1 to 1)
following on a CS as the sole independent variable to predict the binary recognition of this CS
item. Estimates obtained revealed that sPEs (z = 2.53, p = .012, f = 0.08) showed a positive
relationship with item recognition. To rule out that the PE effects were confounded with the
shock prediction, we also computed a model where we added the explicit shock prediction as a
predictor to the previous model. When controlling for the explicit shock prediction, the memory
enhancing effect of the subsequent sPEs remained significant (z = 4.20, p <.001, = 0.15). In
a follow-up model, we added anticipatory arousal and outcome-related arousal as predictors.
While anticipatory SCRs were associated with decreased memory (z = —3.95, p < .001, g =
—0.42), outcome-related SCRs did not influence item recognition significantly (z = 1.05, p =
295, p = 0.12). After controlling for arousal effects on memory, the sPE effect did not reach
statistical significance anymore (z = 1.44, p = .150, = 0.05).

To examine whether sPE effects on memory are dependent on the retention interval and
the CS-outcome delay, we included the retention interval and the CS-outcome delay as well as
their interaction as predictors in an additional set of models.

First, we set up a model that treated the subsequent sPE and the retention interval and
their interaction as independent variables to predict the binary recognition of an item. When

controlling for the retention interval, we obtained a significant effect of subsequent sPEs on
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memory (z=2.04, p=.041, #=0.09) and a nonsignificant Retention Interval x Subsequent sPE
interaction (z = —0.32, p = .753, f = —0.02), suggesting that these “retrospective” sPE effects
are not dependent on the interval between encoding and test.

In a next step, we set up a model that treated the subsequent sPE, the CS-outcome delay
and their interaction as independent variables to predict the binary recognition of an item. This
revealed that memory was neither influenced by the CS-outcome delay (z =—-1.57, p =.117,
=—0.01) nor by the CS-Outcome Delay x Subsequent sPE interaction (z = 1.56, p = .120, f =
0.01). These findings suggest that the CS-outcome delay does not influence memory and does
not modulate the subsequent sPE effects on memory (see Figure 4F).

In an additional model, we treated the CS-outcome delay, the retention interval, the
sPE and their interaction as independent variables. Estimates obtained showed no significant
CS-Outcome Delay x Retention Interval x sPE interaction (z = 0.70, p = .481, = 0.01).

Next, we performed additional models in which we treated the previous sPE as the sole
independent variable to predict the binary recognition of the following item. This revealed no
significant effect of previous sPEs on memory for items following the PE (z=0.21, p = .835,
= 0.00). Again, we added anticipatory and outcome-related SCRs to the former model to
investigate confounds with physiological arousal. This revealed a significant impairing effect
of anticipatory SCRs on item recognition (z =—4.54, p <.001, f# =—0.47), whereas we obtained
no effect of outcome-related SCRs on memory formation (z = 1.67, p = .090, f = 0.16). The
previous sPE effect remained nonsignificant (z = 0.57, p =.570, = 0.01). To rule out that the
previous sPE effects were confounded with the shock prediction, we also computed a model
where we added the explicit shock prediction and the previous sPE as predictors. When
controlling for the explicit shock prediction, the effect of the previous sPE remained
nonsignificant (z = 0.58, p = .563, = 0.01).

In a next step, we tested whether the effect of sSPEs on the memory for items following
the sPE are dependent on the retention interval. Estimates obtained revealed that neither the
(previous) sPE influence recognition of the following item significantly (z = 0.26, p =.795, p =
0.01) nor the Retention Interval x Previous sPE interaction (z = —0.34, p = .737, f = —0.01).
Notably, there was a significant effect of the retention interval on CS recognition (z =4.35, p <
.001, £ =0.33).

We added both previous and subsequent sPEs as independent variables to an additional
model to investigate whether subsequent PEs and previous PEs reflect distinct mechanisms.
Estimates showed that only subsequent sPEs, z =2.49, p = .013, = 0.08, showed a positive

relationship with item recognition while the association of previous sPEs and item recognition
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remained non-significant, z = -0.09, p = .931, = -0.00. In a follow-up model, we added
anticipatory arousal and outcome-related arousal as predictors. In this model, neither outcome-
related arousal, z=1.04, p =.301 , = 0.11, nor subsequent sPEs, z=1.45, p =.149 , = 0.05,
nor previous sPEs influenced item recognition significantly, z = 0.43, p = .668 , £ =0.01, while
item recognition was significantly impaired by anticipatory SCRs, z = -3.90, p < .001, 8 = -
0.41.

3.3.4 Effects of uPEs

We started with a first minimal model, in which we tested whether uPEs contribute to
later recognition. Therefore, we treated the uPE following on a CS as the sole independent
variable to predict the binary recognition of this CS item, irrespective of the CS-outcome
interval. This analysis showed no effect of uPE on episodic memory, z = 1.19, p = .232, f# =
0.09. To investigate the possibility that the effects of physiological arousal and the effects of
PEs on memory might be confounded, we added both measures of arousal (i.e., anticipatory
and outcome related SCRs) to the minimal model that featured only the subsequent uPE as the
sole independent variable. Interestingly, this revealed a significant impairing effect of
anticipatory SCRs on item recognition, z = -4.33, p <.001, # = -0.44, while we did not find an
effect of outcome-related SCRs on memory formation, z = 0.97, p = .335, # = 0.09. The uPE
effect on item recognition remained non-significant, z = 1.26, p = .208, # = 0.09. To rule out
that the subsequent uPE-effects were confounded with the shock prediction, we also computed
a model where we added the explicit shock prediction and the subsequent uPE as predictors.
When controlling for the explicit shock prediction, the effect of the subsequent uPE remained
non-significant, z = 0.96, p = .335, = 0.06.

To examine whether uPE effects on memory are dependent on the retention interval and
the CS-outcome interval, we included the retention interval and the CS-outcome delay as
predictors in an additional set of models.

First, we set up a model that treated the subsequent uPE and the retention interval as
independent variables to predict the binary recognition of an item. When controlling for the
retention interval, we obtained no significant effect of subsequent uPEs on memory, z = 1.16,
p=.245, = 0.09, a non-significant retention interval x subsequent uPE interaction, z = (.43,
p = .664, f = 0.03, suggesting that these ‘retrospective’ PE effects are not dependent on the
interval between encoding and test, but a significant effect of the retention interval on memory,
z=4.36,p<.001, 5=0.32.

In a next step, we set up a model that treated the subsequent uPE and the CS-outcome

delay including their interaction as independent variables to predict the binary recognition of
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an item. This revealed that episodic memory was impaired by the CS-outcome delay, z =-2.16,
p=.031, #=-0.01, suggesting that increasing intervals led to lower recognition of the preceding
item. The subsequent uPE-effects on memory remained non-significant when controlling for
the CS-outcome-delay, z = 0.27, p = .788, # = 0.02, and there was no significant CS-outcome
delay xsubsequent uPE interaction, z = 1.27, p = .206, # = 0.01. In an additional model we
treated the CS-outcome interval, the retention interval, the uPE and their interaction as
independent variables. Estimates obtained showed a non-significant CS-outcome
delay xretention interval xuPE interaction, z = -.13, p = .900, # = -0.00.

As Studies I and II suggested also prospective effects of PEs, we performed additional
models in which we treated the previous uPE as the sole independent variable to predict the
binary recognition of the following item. This revealed that episodic memory was indeed
enhanced for items following a PE, z = 2.68, p = .007, 5§ = 0.10. To rule out that the previous
uPE-effects were confounded with the shock prediction, we also computed a model where we
added the explicit shock prediction and the previous uPE as predictors. When controlling for
the explicit shock prediction, the effect of the previous uPE remained significant, z =2.72, p =
.007, = 0.09. Again, we added anticipatory and outcome-related SCRs to the former model
featuring the previous uPE to investigate confounds with physiological arousal. Again, this
revealed a significant impairing effect of anticipatory SCRs on item recognition, z = -4.41, p <
.001, f=-0.46, while we did not find an effect of outcome-related SCRs on memory formation,
z=1.63,p=.103, 5= 0.15. Importantly, however, even after controlling for arousal, our results
showed a memory enhancing effect associated with uPE on the recognition of the following
item, z = 2.77, p = .006, 3 = 0.10.

In a next step, we tested whether the previously observed effect of PEs on the memory
for items following the PE would be dependent on the retention interval. Estimates obtained
revealed that the (previous) uPE was associated with a memory enhancement for the following
item, z =2.67, p = .008, = 0.09, even when controlling for the retention interval, suggesting
that these ‘prospective’ PE effects are are already seen shortly after encoding and remain after
24 hours.

To investigate whether the subsequent uPE and previous uPE reflect distinct mechanisms,
we added both uPEs as independent variables to an additional model. Estimates obtained
revealed that only previous uPEs, z = 2.26, p = .024, 3 = 0.07, showed a positive relationship
with item recognition while the association of subsequent uPEs and item recognition remained
non-significant,z=1.17, p=.241, = 0.09. In a follow-up model, we added anticipatory arousal

and outcome-related arousal as predictors. In this model, neither outcome-related arousal, z =
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0.96, p = .340, 8 = 0.09, nor subsequent uPEs influenced item recognition significantly, z =
1.23, p = .219, = 0.09. while item recognition was significantly impaired by anticipatory
SCRs, z =-4.25, p <.001, # = -0.43, and significantly enhanced by previous uPEs, z =2.24, p
=.025, 5 =0.07.
3.4 Conclusion

The findings of Study III replicate previously reported enhancing effects of (signed) PEs
associated with aversive events on memory for the stimulus encountered before the PE. Our
findings, however, show no prospective (signed) PE effects on memory, whereas such
prospective effects are observed for uPE, in line with Studies I and II. Interestingly, we found
that the retrospective sPE effects on episodic memory seem to be (a) independent of the time
interval between the stimulus and the PE and (b) emerge already when memory is tested shortly
after encoding, suggesting that they are not consolidation dependent. Thus, we obtain first
evidence for retrospective PE effects to be time resistant and that they rather emerge during
encoding than during consolidation processes. Notably, the results of Study III showed that the
sPE effects were at least partly related to arousal because these effects disappeared when we

controlled for arousal. The latter might be due to the extended CS-outcome interval.
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Figure 4
Experimental procedure and results of Study 111

A B
cse*
Qm’ unexpected shock
P~ 16
45s | 1t N \
v
. 12
0-10s 2
§
A O
+
5-8s
Cs 4
\ unexpected no-shock
45s | w7 N

D
+ 0.3
5-8s
Csh' §
ﬁ expected shock
PELTS So2
45s | —T N\ g
v £
&
©
o
0-10s go1
&
y (7]
+
5-8s 0.0

\\

0.0
Signed prediction error

i -

o
%

Shock prediction

o
=

o -
@ =)

=)
2

Hitrate

=]
>

[=]
()

g [}

(9}
0 aF
2

100 200
Trial

|'||||||‘llllllll-x
st h e

(o]
@9,

Effect on hit probability (log-odds)

300

&
@

-3
N
S

=3
~N
o

short delay
- medium delay
long delay

-3
@
-3

-0.35

-1.0 05 05 10

0.0
Signed PE

Note. In the encoding task (A), participants saw a series of unique pictures from three different categories linked to fixed probabilities to receive an electric shock
(CS*=67%, CS®*=33%, and CS=0%). On each trial, participants indicated their shock expectation on a continuous scale from 0 to 100 %. The delay with which the
outcome (shock vs. no-shock) occurred after stimulus-offset was varied between 0 and 10 sec. (B) PEs were equally distributed around zero. (C) Participants’ mean
shock expectancy ratings (thick lines) approached the true shock probabilities (dotted lines) relatively fast. (D, E) Mean standardized anticipatory SCR and hitrates
confirmed successful fear conditioning, as reflected in significantly elevated SCR and increased hitrates of CS** compared with CS™ items. Black dots show data from
individual participants. Thick red bar represents group mean, thin red bars show +1 standard error of the mean. (¥) The CS-outcome delay did not interact
significantly with the subsequent sPE-effect on item memory suggesting that PEs seem to be independent of the time between stimulus and outcome. Pictures taken
from “Bank of Standardized Stimuli (BOSS) Phase II: 930 New Normative Photos” by Brodeur et al. (2014) and from “SUN database: Large-scale scene recognition

from abbey to zoo” by Xiao et al. (2010). CC BY 4.0.
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4 Is the PE-related memory enhancement specific to the predictive stimulus?
This chapter was published in modified form in: Loock, K., Kalbe, F., & Schwabe, L. (2025). Cognitive
mechanisms of aversive prediction error-induced memory enhancements. Journal of Experimental

Psychology: General, 154(4), 1102—1121. https://doi.org/10.1037/xge0001712

4.1 Background

Studies I-III consistently showed that PEs following inherently neutral events enhance
the subsequent memory of these events. However, a central open question is whether this PE-
related memory enhancement is specific to the (predictive) stimulus that evoked the PE or
whether the PE trigger a transient window of enhanced memory encoding for all events,
including stimuli that are uninformative, that occur in this time window.

The findings of Study III revealed that the PE-related memory enhancement is still
observed even with an CS-outcome delay that extends up to 10 s. There might be two possible
explanations for this observation: (i) PEs might retroactively and exclusively enhance the
memory of a predictive stimulus presented up to 10 seconds earlier or (2) PEs might induce a
transient window of enhanced encoding that extends to all stimuli occurring within that time
window including those that are not predictive or informative. Disentangling these accounts is
critical, especially in light of theories of learning that distinguish between temporal contiguity
and contingency (Schultz, 2006). While temporal contiguity refers to the temporal proximity of
two events, contingency captures the predictive relationship between them. If PE effects on
memory are primarily driven by contingency, only predictive stimuli, and not merely
temporally adjacent ones, i.e., uninformative stimuli, should benefit from enhanced encoding.
While Studies I and II found prospective PE effects, i.e., enhanced encoding for stimuli
presented after the PE indicating a window of enhanced processing, these effects were not
observed in Study III. This inconsistency raises the question whether such effects are truly
driven by a broad encoding window or by a selective mechanism tied to stimulus relevance.

In Study IV, we aimed to determine whether PEs are exclusively linked to the predictive
stimulus or whether PEs trigger a window in which memory formation is (retrospectively)
strengthened for all stimuli, including entirely uninformative ones. To this end, we used a
modified paradigm, in which we presented in some of the encoding blocks entirely
uninformative stimuli between the predictive stimulus and the outcome (i.e., potential PE). If
the PE induces a transient window of enhanced encoding, then memory should also be enhanced

for uninformative stimuli presented shortly after the predictive stimulus. In contrast, if the PE-
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related memory enhancement is contingency-dependent, then memory should not be enhanced
for the uninformative stimulus presented between the predictive stimulus and the PE. Moreover,
because previous research (Kalbe & Schwabe, 2020, 2022b; and our Studies I and II) suggested
that the PE effects might be at least partly independent of physiological arousal but included
only SCR as the only arousal measure, we included here, in addition to SCR, respiratory
responses and heart rate as further measures of arousal.

4.2 Methods

4.2.1 Participants

Eighty-two healthy volunteers participated in this study (age: M = 25.45 years, SD =
3.98 years, range = 18-35 years). Exclusion criteria were identical to those in Studies I-II1. Four
participants were excluded from the analyses due to technical failure during the experiment or
because they did not return for the second experimental day, resulting in a final sample of n =
78. Importantly, none of the participants had participated in Studies I-III. The target sample size
was based on an a priori power calculation using G*Power (3.1.9.6; Faul et al., 2009). Based
on previous research by Kalbe and Schwabe (2020), we assumed d- = .39 as a point estimate
for the expected effects. A two-tailed paired ¢-test with o = .05 required at least 72 participants
to achieve a statistical power of 0.90. In line with this calculation, a post hoc power simulation
using the R-package simR (Green & MacLeod, 2016) for the observed effects of subsequent
PEs and our final sample size of 78 participants yielded a power of 0.84 based on 1000
simulations. All participants provided written informed consent before participation and
received a moderate monetary reimbursement (up to 50 €) at the end of the study. The study
was approved by the ethics committee of the Faculty of Psychology and Human Movement

Science at the University of Hamburg and carried out in line with the Declaration of Helsinki.

4.2.2 Materials

We used the same stimulus set as in Study III, that is, 810 pictures of vehicles, tools,
and clothes, isolated on white background, but added 270 pictures of outdoor scenes, resulting
in a total set of 1,080 stimuli. Outdoor scenes were taken from image databases, that is, Bank
of Standardized Stimuli (Brodeur et al., 2010, 2014), McGill Calibrated Color Image Database
(Olmos & Kingdom, 2004), SUN database (Xiao et al., 2010), Konklab (Konkle et al., 2010),
and open-online sources. Again, 120 randomly drawn pictures from each of the categories
vehicles, tools, and clothes were used during encoding on the first experimental day. In addition,
180 randomly drawn pictures of scenes were shown during these encoding sessions. From the

remaining 540 pictures, 270 randomly chosen pictures, that is, 60 pictures of tools, 60 pictures
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of vehicles, 60 pictures of clothes, and 90 pictures of scenes, served as lures for the surprise
recognition test on the second experimental day. All images were assumed to be emotionally
neutral. The allocation of images to CS categories or lures as well as the order in which

individual items were presented was randomized across participants and unique per participant.

4.2.3 Procedure

The procedure was largely comparable to Study III but contained some important
differences, in particular the inclusion of encoding blocks in which an uninformative stimulus
(UI) was presented between CS and outcome (see Figure 5A). Furthermore, the CS-outcome
interval was kept constant in this study. Same as in Studies I and II, this experiment consisted
of two sessions, with an encoding session on the first experimental day and a recognition test
on the following day, about 22-26 hr after encoding.

Upon arrival on the first experimental day, participants provided written informed
consent and received written instructions that they were going to see a series of photographs of
vehicles, tools, clothes, and scenes and that some of them might be followed by a brief electric
shock. Again, they were then instructed to predict how likely a shock would be to follow a
picture by adjusting a slider on the screen to a value corresponding to their prediction of the
shock probability (ranging from 0% to 100%). Importantly, participants were neither told about
the shock contingencies, nor that their memory would be tested later on. They were informed
that their predictions would not affect the probability that a shock would occur, but that they
should aim at improving their predictions over the task. In line with Study III and unbeknownst
to the participants, the probabilities of a shock were linked to the image categories. One
category served as CS?*" (67% shock probability), one as CS" (33% shock probability), and one
as CS™ (0% shock probability). The assignment of image categories (i.e., vehicles, tools, and
clothes) to the CS categories (i.e., CS*" ,CSP" and CS~) was counterbalanced across participants
and groups. We also added a new, stimulus category (UI), which was uninformative with
respect to the occurrence of an electric shock. Scene images were always used as UI to make
sure that these sufficiently distinct from the CS categories (i.e., CS*" ,CS*" and CS").

To measure SCRs and to apply the electric shocks, we used the same equipment as in
Study III and followed an identical procedure. Before the learning task, stimulation intensity
was adjusted individually to be unpleasant but not painful as described in Study L.

The encoding session on the first experimental day consisted of four blocks with 90
trials each, with the critical difference to Study III that we used two different types of blocks:
Ul-blocks versus no-UI blocks (see Figure SA). In blocks 1 and 3, referred to as no-UI blocks,

participants saw pictures from the three CS categories only, whereas blocks 2 and 4 additionally
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contained Ul stimuli between the CS and outcome (UI-blocks). We presented UI stimuli only
in blocks 2 and 4 to rule out conditioning to the UI stimuli. More specifically, participants were
assumed to learn the specific associations to the CS in the first encoding block (in which no UI
stimuli were presented). The addition of the UI after the CS in the second block should not lead
to conditioning to the UI stimulus, according to the classic blocking effect (Fanselow, 1998;
Kamin, 1968, 1969). The third block, in which the CS was again presented without the UI
stimulus, was further supposed to refresh the specific CS-outcome association, underlining that
CS contingencies were independent of the UL The inclusion of two blocks including UT stimuli
between CS and outcome and two blocks not containing these Ul stimuli, which were apart
from the UI stimulus identical, allowed us further to directly assess the effect of the UI stimulus
within Study IV and to link the findings of Study IV to those of Studies I-III.

In Blocks 1 and 3, 30 pictures of vehicles, 30 pictures of tools, and 30 pictures of clothes
were presented in a pseudorandomized order. On each trial, a picture was shown in the center
of the computer screen for 4.5 s, during which participants were asked to make their prediction
about the probability of an electric shock. Therefore, a slider which could be adjusted to any
integer value between 0% and 100% using the computer mouse was presented beneath each
image. After stimulus offset, a black fixation cross was presented centrally for 4.5 s on the
screen and which was immediately followed by the 200 ms outcome (shock vs. no-shock).
Between trials, the fixation cross was presented on the screen for 6.5 + 1.5 s, which again
enabled us to measure the relatively slow (anticipatory) SCRs. Blocks 2 and 4 differed from
blocks 1 and 3 in the inclusion of UI stimuli. During the delay of 4.5 s between CS and outcome
participants did not see a fixation cross, but a picture from the Ul category. Importantly, the Ul
was presented centrally on the screen without a slider and had no influence on the CS-shock
contingencies, leaving the UI completely uninformative for the shock predictions.

Again, there were short breaks (1-2 min) between blocks during which participants had
the chance to recalibrate the shock intensity, if required. Each encoding block lasted
approximately 25 min, resulting in a total duration of 100 min for the entire incidental encoding-
fear learning session.

Data of respiratory frequency were collected continuously during the encoding session
using a BioNomadix Respiratory Transducer (BIOPAC Systems, Goleta, California, United
States) that was wrapped around the participants’ upper torso approximately 5 cm below the
arm pit at the point of maximum respiratory expansion and connected to the BioNomadix
Respiratory Transmitter (BIOPAC Systems, Goleta, California, United States). For the

measurement of heart rate, we used a NIBP 100D noninvasive blood pressure monitoring system
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(BIOPAC Systems, Goleta, California, United States) connected to the MP160 module. A
blood-pressure cuff was placed on the participants’ left arm and a double finger cuff sensor was
placed on the index and middle finger of the left hand to measure heart rate continuously.

The surprise recognition test took place on the next day, 22-26 hr after encoding. Same
as in Studies I-III, participants completed a short questionnaire to assess whether they
anticipated a memory test and then rated how surprised they were about the recognition test on
a scale from 1 (not surprised at all) to 5 (very surprised). In the recognition test, participants
saw all 540 pictures they had seen during the encoding session (120 pictures of vehicles, 120
pictures of tools, 120 pictures of clothes, and 180 pictures of scenes) as well as 270 “new”
pictures (60 pictures of vehicles, 60 pictures of tools, 60 pictures of clothes, and 90 pictures of
scenes) that had not been presented before in a randomized order. Each trial started with a
central white fixation cross on a white background for 1.5 £+ 0.5 s, followed by an “old” or
“new” picture presented centrally on the computer screen for 6 s. Again for each item,
participants were asked to indicate whether the currently presented picture was definitely old,
maybe old, maybe new, or definitely new by pressing the “1,” “2,” “3,” or “4” button on the

keyboard, respectively.

Figure 5
Experimental procedure of Study IV
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Note. In the encoding task (A), participants saw a series of unique pictures from three different categories
(clothes, vehicles, tools) linked to fixed probabilities to receive an electric shock (CS*= 67%, CS**=33%,
and CS=0%). On each trial, participants indicated their shock expectation on a continuous scale from 0 to
100 %. Critically, in Ul-blocks an Ul-stimulus appeared between CS and outcome while in no-UI blocks a
black fixation cross was presented on the screen. (B) PEs were equally distributed around zero. Pictures taken
from “Bank of Standardized Stimuli (BOSS) Phase II: 930 New Normative Photos” by Brodeur et al. (2014)
and from “SUN database: Large-scale scene recognition from abbey to zoo” by Xiao et al. (2010). CC BY
4.0
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4.2.4 Data analysis

Same as Study III, the paradigm used in Study IV enabled us to measure continuous
PEs. Again, we calculated both types of PEs, that is, uPEs and sPEs. Our main analyses focus
on sPEs. The detailed analyses of uPE effects are presented in the Supplemental Material.

Again, SCRs were analyzed using continuous decomposition analysis in Ledalab
Version 3.4.9 (Benedek & Kaernbach, 2010) and derived in line with Studies I-III. For the
anticipatory SCR, the response window was set from 0.5 after CS onset until CS offset.
Additionally, we set a response window for Ul-related SCRs which spanned from CS stimulus
offset until the onset of the outcome (shock vs. no-shock). Additionally, we defined the
outcome-related SCR to occur between 0.5 s and 4.5 s after outcome onset. Resulting estimates
of the average phasic driver within each response window were returned in puS. Post-hoc
comparisons of ANOVAs were always Bonferroni-corrected.

Heart rate data were analyzed using the PsychoPhysiological Modelling Toolbox in
MATLAB 4.2.1 (Bach et al., 2016) and were first segmented into trial-wise epochs (spanning
from CS onset until outcome offset) and then filtered with an antialias Butterworth low-pass
filter (second-order, cutoff 100 Hz) and down sampled to 200 Hz. A modified offline
implementation of the Pan and Tompkins (1985) real-time QRS detection algorithm was then
used to identify QRS complexes. A visual correction of all interbeat intervals (IBIs) longer or
shorter than the average IBI+2 SD per dataset was performed to further increase detection
accuracy. The time series was then linearly interpolated to achieve a sampling rate of 10 Hz.
To remove slow drifts, smooth the angles introduced by the interpolation, and reduce the
influence of potentially remaining misdetections, the time series was filtered with a second-
order Butterworth band-pass filter with cutoff frequencies of 0.01 and 2 Hz, respectively. For
the analysis of respiration data, we also used the PsychoPhysiological Modelling Toolbox
(Bach etal., 2016). Respiration data was segmented into single-trial responses starting from CS
onset until outcome offset. Raw respiratory traces were converted to interpolated respiration
amplitude time series with a respiratory cycle detection algorithm (Bach et al., 2016). Then,
epochs were filtered offline with an anti-aliasing first-order Butterworth low-pass filter (cutoff
5 Hz) and downsampled to 10 Hz. Respiration amplitude time series were then band-pass
filtered with a bidirectional Butterworth filter, with low-pass and high-pass cutoffs of 2 Hz and
0.01 Hz, respectively to remove high-frequency noise and the effects of possible slow
movements of the recording device.

Again, we fitted GLMMs with a logit link function using the Ime4 R package (Bates et
al., 2015) and treated subjects as random effects for both the intercept and all slopes of the fixed
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effects included in the model (Barr et al., 2013). The recognition of an individual item was
treated as the binary dependent variable, coded “0” for misses and “1” for confident hits. We
fitted models using different sets of independent variables including PEs, anticipatory as well
as Ul and outcome-related arousal, explicit shock prediction and block. In line with Studies I-
III, we also distinguished between subsequent and previous PEs with the former referring to PE
effects on the recognition of the preceding stimulus and the latter referring to PE effects on the

recognition of the following stimulus.

4.2.5 Transparency and openness

The materials, data, and R analysis scripts are publicly available on the Research Data
Management System of University of Hamburg and can be accessed at https://www.fdr.uni-
hamburg.de/record/14147 (Loock et al., 2024). This study was not preregistered.
4.3 Results

4.3.1 Successful fear conditioning

One participant had to be excluded from the SCR analysis due to technical failure,
resulting in sample of n = 77 for this analysis. Again, SCR data confirmed the expected fear
learning process. Specifically, anticipatory SCR differed significantly between CS
categories, F(2, 152) = 4.08, p = .019, partial #° = 0.004. Post hoc paired #-tests showed that
participants showed higher anticipatory SCRs to CS?* items (M = 0.09, SD = 0.02) compared
to CS™ items (M= 0.08, SD = 0.02), (76) = 2.32,p= .023,d = 0.15 (Figure 6A and 6E).
Anticipatory SCRs did not differ significantly between CS®" items (M = 0.08, SD = 0.01) and
CS™ items, #76) = 1.74, p = .085, d = 0.04. Notably, the SCR to the different CS types did not
differ between the UI und no-UI blocks, F(2, 152) = 1.46, p = .234, partial #°= 0.003. In
addition, the SCR in response to the UI stimuli (M = 0.08, SD = 0.04) did not differ from the
anticipatory SCR for the CS™ items, #76) = —0.76, p = .452, d = 0.06. Outcome-related SCRs
were significantly higher for shocked items (M= 0.47, SD = 0.27) compared to unshocked
items (M= 0.36, SD = 0.27), (76) = 2.44, p= .017,d = 0.27. Explicit shock ratings further
showed that participants learned the shock contingencies over the task very well. Overall,
participants had a significantly higher shock expectancy for CS** (M= 0.72,SD = 0.17)
compared to CSP" (M= 0.50,SD= 0.12),476) = 10.10,p< .001,d= 1.31, and for
CSP" compared to CS™ (M = 0.14, SD = 0.19); #76) = 14.87, p < .001, d = 2.20. Importantly,
shock expectancies did not differ between Ul and no-UlI blocks, F(1, 76) = 3.29, p=
.074, partial n?> = 0.00 (see Figure 6B and 6F). In addition, PEs were equally distributed around
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zero (Figure 4B) suggesting a sufficient number of positive and negative PEs that could be
analyzed.
4.3.2 General memory performance

On average, participants were moderately surprised by the recognition
test (see Supplemental Material). Overall, participants showed a
lower recognition performance than in the other studies (M = 0.27, SD = 0.19), which might be
due to the higher number of encoded stimuli in total and the UI stimuli in particular, for which
memory was poor (see below). The hit rate for CS items (M= 0.29,SD= 0.19) was
significantly higher than the category-based false alarm rate (M = 0.25, SD = 0.18) for these
items, #(311) = 1.18, p =.024, d = 0.20, thus demonstrating intact memory for the CS items.

Importantly, while false alarmrates did not differ between all four stimulus
categories, F(3, 231) = 0.59,p= .623, partialn”> = 0.003, hit rates differed significantly
between categories, F(3, 231) = 12.71,p< .001, partial n?>= 0.05 (see Figures
5C and 4G), suggesting that memory but not the response bias differed between categories.
Post hoc paired #-tests revealed that the average hit rate for CS*" items (M = 0.31, SD = 0.12)
was significantly higher than for CS®* items (M = 0.27, SD = 0.12), «(77) = 2.07, p = .042, d =
0.21, but did not differ significantly from CS™ items (M = 0.29, SD = 0.11); «77) = 1.23,p =
223, d= 0.11. The average hit rate for CS®" items did not differ from the hit rate for
CS™ items, #(77)=0.87, p =.388, d = 0.09. As expected, recognition memory performance was
significantly lower for the Ul items (M = 0.20, SD = 0.12) compared to all CS items, all: #77)
>3.97, p<.001, d > 0.43, indicating that UI stimuli were considered irrelevant by participants
and that memory was overall significantly enhanced for predictive stimuli. & differed
significantly between categories (F(3,216) = 5.25, p = .002, partial n2 = 0.035). While
recognition memory did not differ between both the CS*"items (M = 0.14, SD = 0.63) and CS®*
(M=0.12, 8D =0.64; t(72)= 0.16, p = .876, d = 0.02), items differed compared to CS- items
(M = 0.15, SD = 0.62; vs. CS*": (72)=-0.15, p = .883, d = 0.02; vs. CSP": (72)= -0.28, p =
784, d = 0.04), we found a significantly lower d’ for Ul items (M =-0.20, SD = 0.66) compared
to all CS items (all #72) > 3.01, all p <.004, all > 0.43).

Moreover, recognition memory performance differed significantly between blocks with
UI and without UI items. Recognition memory for CS items was significantly better in no-UI
blocks (hit rate: M= 0.30, SD = 0.07) compared to UI blocks, hit rate: (M= 0.27,SD =
0.07), #(155) = 4.95,p < .001,d = 0.17, suggesting that the appearance of an UI stimulus

affected memory formation for the predictive stimuli.
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Again, participants rated their level of surprise related to the recognition test on a scale
ranging from 1 (not surprised at all) to 5 (very surprised). On average, participants were
moderately surprised by the recognition test (M = 2.96, SD = 1.17). Nine participants chose the
‘not surprised at all’ option. Because excluding them did not affect the results, they were

included in all analyses.

4.3.3 Modelling recognition performance at item level

To elucidate the mechanisms of episodic memory formation, we again fitted GLMMs
with the recognition of an item as the binary-dependent variable and added the relevant
independent predictors in a step-wise manner, in line with the previous studies.

We started with a first minimal model in which we tested whether sPEs contribute to
later recognition. Therefore, we treated the subsequent sPE (ranging from —1 to 1) following a
CS as the sole independent variable to predict the binary recognition of this CS item,
irrespective of the appearance of an Ul stimulus. Estimates obtained revealed that (subsequent)
sPEs (z=2.21, p=.027, f = 0.09) showed a positive relationship with later memory. To rule
out that the PE-effects were confounded with the shock prediction, we also computed a model
where we added the explicit shock prediction as a predictor to the previous model. When
controlling for the explicit shock prediction, the memory enhancing effect of the subsequent
sPEs remained significant (z = 2.52, p = .011, f =0.12).

In addition, we also set up a model that tested whether subsequent sPEs contribute to
the recognition of Ul stimuli treating subsequent sPEs as the sole independent variable to
predict the binary recognition of an Ul item. Crucially, estimates revealed that subsequent sPEs
(z=-0.66, p=.510, p = —0.04) showed no significant relationship with later UI recognition,
suggesting that the effect of subsequent sPEs is specific to the predictive stimulus and not found
for UI stimuli presented between CS and outcome.

In a follow-up model, we added anticipatory arousal, Ul-related arousal and outcome-
related arousal as predictors to the minimal subsequent sSPE-model for the binary recognition of
a CS item. Anticipatory SCRs (z= 0.63, p = .532, f = 0.09), Ul-related SCRs (z= 0.72, p =
474, p = 0.10) and outcome-related SCRs (z=—0.03, p = .974, f = —0.00) did not influence
item recognition significantly. Even after controlling for arousal effects on memory, we still
obtained a significant effect of subsequent sPE on CS memory (z = 2.25, p = .024, = 0.10).
To further elucidate whether heart rate and respiration amplitude as additional arousal metrics
contribute to recognition memory, we also set up additional models separately for both
predictors. Estimated showed that neither respiration amplitude (z = 0.34, p = .732, = 0.01)
nor heart rate (z = 0.03, p = .977, f = 0.00), predicted CS memory significantly. Following up
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on that, we added the subsequent sPE to each model as a predictor separately. When controlling
for respiration amplitude, the subsequent sPE effect on memory of the predictive item remained
significant (z =2.21, p =.027, £ =0.09). A model including heart rate and subsequent sPE also
yielded a significant subsequent sPE effect on item recognition (z = 2.31, p = .021, = 0.10),
when controlling for heart rate.

To examine whether sPE effects on memory interfere with the appearance of UI stimuli,
we included block (no-UI block vs. Ul block) as a predictor in an additional set of models. First,
we set up a model that treated the subsequent sPE and block including their interaction
as independent variables to predict the binary recognition of an item. We obtained a
significant Subsequent sPE % Block interaction effect on memory (z = —2.45,p= .014, f =
—0.15), suggesting that the “retrospective” PE effect on memory is influenced by the appearance
of an UI stimulus. Accordingly, we set up separate models for blocks that contained UI items
and for blocks that did not contain Ul items. We treated the subsequent sPE as the sole
independent variable to predict the binary recognition of an item. While this revealed
that episodic memorywas significantly increased by subsequent sPEs (z = 2.90, p = .004, =
0.16) in no-UI blocks (see Figure 6D), we obtained a nonsignificant effect of subsequent sPEs
on memory in Ul blocks (z= 0.63, p= .53, f = 0.13; see Figure 6H), suggesting that those
retrospective PE effects on memory disappear when an UI stimulus is presented between CS
and outcome (i.e., PE). Even when controlling for anticipatory, Ul- and outcome-
related arousal, the pattern of results remained unchanged indicating a memory boost induced
by subsequent sPE in no-UI blocks (z = 2.87, p =.004, f = 0.16), whereas there was no effect
in UI blocks (z=0.58, p = .564, = 0.03).

Next, we performed additional models in which we treated the previous sPE as the
sole independent variable to predict the binary recognition of the following item. This revealed
a significant negative effect of SPEs on memory for items following the PE (z =-2.05, p =.040,
S =-0.07), that is, previous sPEs appeared to be associated with a memory impairment. To rule
out that the previous PE effects were confounded with the shock prediction, we also computed
a model where we added the explicit shock prediction as a predictor to the previous model.
When controlling for the explicit shock prediction, the effect of the previous sPEs remained
significant (z = —2.20, p = .028, f =-0.07).

Again, we added anticipatory, UI- and outcome-related SCRs to the former model to
investigate confounds with physiological arousal. This revealed nonsignificant effects of
anticipatory SCRs (z =0.73, p = .467, f =0.10), Ul-related SCRs (z=0.82, p = .413, =0.12),
and outcome-related SCRs on memory formation (z = 0.01, p = .992, f = 0.00). The previous
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negative sPE effect on later memory remained significant (z = —2.05, p = .041, f = —0.07). In
addition, we set up a model including respiration amplitude and previous sPE as variables to
predict recognition of the following item. When controlling for respiration amplitude, the
previous sPE effect on memory of the following item remained significant (z =—1.99, p =.047,
S =—0.07). A model including heart rate and previous sPE yielded a trending previous sPE
effect on recognition of the following item (z =—1.76, p = .078, f = —0.06).

In addition, we also set up a model that tested whether previous sPEs contribute to
the recognition of UI stimuli treating sPEs as the sole independent variable to predict the binary
recognition of the following UI item. Again, the model estimates revealed that previous sPEs
(z= -1.12,p= .261, f = —0.07), showed no significant relationship with item recognition
suggesting that the recognition of Ul is independent of previous PEs.

In a next step, we tested whether the previously observed effect of (previous) PEs on
the memory for items following the PE would be influenced by the appearance of an
uninformative stimulus. Estimates obtained showed no significant Previous sPE X
Block interaction effect on recognition of the following item (z=—0.11, p = .915, f = —0.01),
suggesting that previous sPE effects on memory might be irrespective of the appearance of
uninfomative stimuli. Even though the critical interaction effect was nonsignificant, in an
explorative analysis, we set up separate models for blocks that contained UI items and for
blocks that did not contain Ul items. We treated the previous sPE as the sole independent
variable to predict the binary recognition of the following item. Notably, this revealed
that episodic memory was not influenced by previous sPEs in no-UI blocks (z= —1.35,p =
177, p = —0.06) nor in Ul blocks (z= —1.42,p= .155, f = —0.07). When controlling for
anticipatory arousal, Ul-related, and outcome-related arousal, the previous sPE effect on
memory of the following item remained nonsignificant in no-UI blocks (z =—-1.36, p = .174,
=—0.07) and Ul blocks (z =-1.42, p = .155, f =—-0.07).

To investigate whether subsequent sPEs and previous sPEs reflect distinct mechanisms,
we added both types of sPEs as independent variables to an additional model. Estimates
obtained revealed that subsequent sPEs showed a positive relationship with item recognition, z
=2.17,p=.030, #=0.09, while previous sPEs, z=-2.03, p = .043, =-0.07, showed a negative
relationship with item recognition. In a follow-up model, we added anticipatory, Ul-related and
outcome-related arousal as predictors. In this model, neither anticipatory arousal, z = 0.61, p =
545, 3= 0.08, nor Ul-related arousal, z = 0.83, p =.405 , f = 0.12, nor outcome-related arousal,
z=-0.04, p =972, 3 = -0.00, influenced item recognition significantly. After controlling for

arousal, we obtained a significant memory boost associated with subsequent PEs, z =2.23, p =
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.026 , #=0.10, and a significant memory impairment associated with previous sPEs, z=-2.05,
p=.041,3=-0.07.
4.3.4 Effects of uPEs

We started with a minimal model in which we tested whether uPEs contribute to later
recognition. Therefore, we treated the subsequent uPE (ranging from 0 to 1) following on a CS
as the sole independent variable to predict the binary recognition of this CS item, irrespective
of the appearance of an uninformative stimulus. Estimates obtained revealed no effect of
subsequent uPEs on item recognition, z = 0.13, p = .90, 5 = 0.01. Additionally, we also set up
a model that tested whether subsequent uPEs contribute to the recognition of uninformative
stimuli treating uPEs as the sole independent variable to predict the binary recognition of an Ul
item. Estimates obtained revealed that subsequent uPEs, z=-0.93, p =.353 , 5 =-0.08, showed
no significant relationship with item recognition suggesting that the recognition of UI is
independent of uPEs.

In a follow-up model, we added anticipatory arousal, Ul-related arousal and outcome-
related arousal as predictors to the subsequent uPE-model to the binary recognition of a CS
item. Anticipatory SCRs (z=0.73, p = .464 , 4 =0.10), Ul-related SCRs (z =0.69, p = .491 , 3
= 0.10) and outcome-related SCRs (z = -0.04, p = .973 , 5 = -0.00) did not influence item
recognition significantly. When controlling for arousal effects on memory, the effect of
subsequent uPE on CS memory remained non-significant, z = 0.06, p = .95, # = 0.01. To rule
out that the subsequent uPE-effects were confounded with the shock prediction, we also
computed a model where we added the explicit shock prediction and the subsequent uPE as
predictors. When controlling for the explicit shock prediction, the effect of the subsequent uPE
remained non-significant, z =-0.73, p = .463 , 5 =-0.06.

To examine whether uPE effects on memory interfere with the appearance of
uninformative stimuli, we included the factor block as a predictor in an additional set of models.
We set up a model that treated the subsequent uPE and block including their interaction as
independent variables to predict the binary recognition of an item. We obtained a non-
significant subsequent uPE * block interaction effect of subsequent uPEs and block on
memory, z = 0.24, p = .811 , # = 0.02. Following up on that, we set up separate models for
blocks that contained UI items and for blocks that did not contain Ul items. We treated the
subsequent uPE as the sole independent variable to predict the binary recognition of the
predictive item. This revealed that episodic memory was not influenced by subsequent uPEs in

no-UI blocks, z=-0.07, p =.947, # =-0.01, and UI blocks, z=0.21, p = .834, 5= 0.02.
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Next, we performed additional models in which we treated the previous uPE as the sole
independent variable to predict the binary recognition of the following item. This revealed a
non-significant effect of previous uPEs on memory for items following the PE, z = -0.70, p =
487, #=-0.04. To rule out that the PE-effects were confounded with the shock prediction, we
also computed a model where we added the explicit shock prediction as a predictor to the
previous model. When controlling for the explicit shock prediction, the effect of the previous
uPEs was not significant anymore, z =-0.59, p = .554 , = -0.04. Again, we added anticipatory,
Ul-related and outcome-related SCRs to theminimal previous uPE-model to investigate
confounds with physiological arousal. This revealed no effects of anticipatory SCRs, z = 0.63,
p=.531, 5 =0.09, Ul-related SCRs, z = 0.68, p = .495, 5 = 0.10, and outcome-related SCRs
on memory formation, z = 0.11, p = 912, f = 0.01. The previous uPE effect remained non-
significant, z = -0.80, p = 424 , # = -0.05. Additionally, we also set up a model that tested
whether previous uPEs contribute to the recognition of UI stimuli treating uPEs as the sole
independent variable to predict the binary recognition of the following UI item. Again,
estimates obtained revealed that previous uPEs, z = -0.49, p = .621, 5 = -0.04, showed no
significant relationship with item recognition suggesting that the recognition of UI is
independent of previous uPEs.

In a next step, we tested whether the previously observed effect of PEs on the memory
for items following the PE would be influenced by the appearance of an uniformative stimulus.
Again, estimates obtained showed no previous uPE * block interaction effect on recognition of
the following item, z = 0.53, p =.600 , /= 0.05. Following up on that, we set up separate models
for blocks that contained UI items and for blocks that did not contain Ul items. We treated the
previous uPE as the sole independent variable to predict the binary recognition of the following
item. This revealed that episodic memory was not influenced by previous uPEs in no-UI blocks,
z=-0.74, p = .457, s = -0.06, and UI blocks, z = -0.54, p = .586, 3 = -0.04.

Next, we added both types of uPEs as independent variables to an additional model.
Estimates obtained revealed that neither subsequent uPEs, z = 0.15, p = .880 , # = 0.01, nor
previous uPEs, z = -0.61, p = .545, § = -0.04, showed a significant relationship with item
recognition. In a follow-up model, we added anticipatory, Ul-related and outcome-related
arousal as predictors. In this model, neither anticipatory arousal, z = 0.60, p = .551 , = 0.08,
nor Ul-related arousal, z = 0.65, p = .513, # = 0.10, nor outcome-related arousal, z=0.11, p =
914 , 5 = 0.01, influenced item recognition significantly. After controlling for arousal, we
obtained non-significant effects of subsequent uPEs, z =0.09, p = .93 , = 0.01, and previous
uPEs on recognition memory, z =-0.72, p = .471 , 5 = -0.04.
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Figure 6

Results of Study IV
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red bars show =1 standard error of the mean. (B,F) Participants’ mean shock expectancy ratings (thick lines) approached the true shock probabilities (dotted lines)

relatively fast in no-UI- and UI blocks. Subsequent sPEs boosted item memory only in no-UI blocks (G) while the effect was abolished in UI-blocks (H).
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4.4 Conclusion
In the present study, we aimed to elucidate the cognitive mechanisms underlying aversive PE-
driven memory enhancements for inherently neutral events. While we obtained evidence
indicating that the PE-induced memory boost also extends to stimuli presented after the PE, i.e.,
prospective PE effects (see Studies I and II), the results from Study IV emphasize
the specificity of this memory enhancement. It is exclusively linked to predictive stimuli, with
uninformative stimuli even shown to interfere with the PE-driven memory enhancement.
In Studies III and IV, we assessed PEs on a continuous scale, allowing us to differentiate
between positive and negative sPEs which have been shown to exert differential effects on
memory formation (Kalbe & Schwabe, 2022b; Rouhani & Niv, 2021). Our results of Studies
IIT and IV show consistently that negative PEs were associated with impairing effects on
subsequent memory, whereas positive PEs were linked to enhanced memory. This pattern of
results is in stark contrast to our previous findings (Kalbe & Schwabe, 2022b), which showed
the exact opposite pattern. However, a notable distinction between these studies is the testing
environment and the number of experimental trials. Our previous study took place in a magnetic
resonance imaging scanner, which may have resulted in higher state anxiety levels known to
modulate PE processing (Hein & Herrojo Ruiz, 2022). Indeed, participants that volunteer for
magnetic resonance imaging studies have been shown to be characterized by reduced trait
anxiety levels compared to participants in behavioral experiments (Charpentier et al., 2021).
Trait anxiety is typically correlated with depressive mood known to affect PE effects on
memory formation (Rouhani & Niv, 2019). However, the potential modulation of PE effects on
memory by trait anxiety remains speculative and needs to be tested explicitly in future studies.
In addition, we increased the trial number significantly (360 trials vs. 120 trials in our previous
study), underlining the high validity of our empirical findings. Because of the increased trial
number, participants also received substantially more electric shocks, potentially resulting in
higher sensitivity to the aversive outcome (Chen et al., 2000; Lonsdorf et al., 2017), which may
have rendered the shock experience even more aversive and hence positive PEs more intense.
Moreover, Study IV demonstrates no memory enhancement for uninformative stimuli
presented between the predictive stimulus and PE. How can we reconcile the absence of
memory enhancement for these uninformative stimuli with the prospective PE effects, which

imply memory enhancement for subsequent stimuli not informative for the current PE event?
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The answer to this question may relate to the predictive value of the stimuli per se. Participants
presumably quickly learned the irrelevance of the uninformative stimuli, resulting in shallow
processing as also reflected in the overall low-memory performance for uninformative stimuli.
In contrast to these uninformative stimuli, the CS following the PE does carry informative
value, namely for the subsequent PE event. Thus, PEs enhanced memory for predictive stimuli
around the time of the PE event but not for entirely unpredictive stimuli, refuting the idea of a
PE-induced window of unselective memory enhancement.

Intriguingly, the presentation of an uninformative stimulus between the CS and outcome
(i.e., PE) even abolished the PE-induced memory enhancement for the predictive CS. This
finding is remarkable, suggesting that uninformative information interferes with the association
between the predictive stimulus and PE. Specifically, it highlights the necessary active
maintenance of the predictive stimulus until the PE, which the UI stimulus interfered with. The
predictive stimulus may be stored in working memory (Baddeley, 1992; Oberauer et al., 2003)
and thus be highly vulnerable to competing stimuli appearing during the maintenance phase.
Because previous research used SCR as the only measure of arousal, we added heart rate
and respiration amplitude as additional arousal measures in Study IV, to further disentangle
arousal- and PE-related effects on memory. When controlling for these measures, the memory-
enhancing effect of subsequent PEs remained. These findings suggest that physiological
arousal (beyond SCR) cannot account for the memory boost alone indicating that retrospective
PE-induced memory enhancements presumably go at least partly beyond the mere effects of
arousal on memory formation.

In sum, the findings from Study IV provide insights into the cognitive mechanisms
involved in aversive PE-driven enhancements of memory for surrounding neutral events.
Notably, these PE effects are not unspecific, as reflected in the absence of any memory boost
for uninformative stimuli presented between CS and PE. Rather, PEs appear to enhance
memory for predictive stimuli encountered around a PE event. Importantly, these PE effects
are sensitive to interference, pointing to an involvement of working memory maintenance. Our
findings provide insights into the fundamental question of which of the many stimuli that we
are continuously presented with are stored in long-term memory: those that bear predictive

value for unexpected emotional events.
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S Does the PE-effect on memory depend on the neural states surrounding the PE
event?

This chapter is currently under peer-review in modified form: Loock, K., Heinbockel, H., Kalbe, F., &

Schwabe, L. Prediction error-related memory enhancement depends on the neural state surrounding the

prediction error event.

5.1 Background

Adaptive memory enables organisms to leverage past experiences to guide actions and
choices (Shohamy & Adcock, 2010). However, not all events are stored equally well in
memory, preference is rather given to information being crucial for predicting relevant
outcomes. In support of this notion, research shows that PEs — mismatches between expected
and actual outcomes — associated with rewarding or aversive events enhance memory for
preceding stimuli (Ergo et al., 2020; Kalbe & Schwabe, 2020; Rouhani & Niv, 2021; Rouhani
et al., 2023). Although these PE effects are fundamental to our understanding of adaptive
memory and may have significant implications for educational contexts and psychopathology,
the brain mechanisms underlying the impact of PEs on memory for preceding events remain
poorly understood.

Specifically, two short-lived neural mechanisms might drive PE effects on memory. First,
PEs could evoke a transient reactivation of the preceding predictive stimulus, promoting its
memory storage. This mechanism aligns with evidence indicating that post-encoding
reactivation is essential for subsequent recall (Staresina et al., 2013; Tambini et al., 2020). A
second mechanism may involve the neural state just before the PE. PEs might strengthen
memory for preceding events, if these events are still neurally maintained when the PE occurs.
This is in line with synaptic or behavioral tagging models proposing that pre-activated
representations can be enhanced by a subsequent salient event, such as a PE (Moncada et al.,
2015). Potential candidate mechanisms for neural maintenance include alpha oscillations,
implicated in attention to task-relevant stimuli (Payne & Sekuler, 2014), theta oscillations,
related to the reinstatement of memory representations or the binding of associative memory
(Kota et al., 2020; Nyhus & Curran, 2010; Staudigl & Hanslmayr, 2013), and the neural
reactivation of the representation of the preceding stimulus.

If PE effects on memory require the reactivation or maintenance of the preceding stimulus
around the PE event, this raises the question of whether interference with these mechanisms
could reduce or even abolish PE effects on memory. The superior parietal cortex has been
repeatedly shown to be crucial for stimulus maintenance, working memory processes, and top-

down attentional updating (Corbetta et al., 1995; D’Esposito & Postle, 2015; Ester et al., 2015;
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Koenigs et al.,, 2009; Wager & Smith, 2003), making it a promising candidate for the
maintenance of the predictive stimulus. Thus, we hypothesized that inhibiting superior parietal
cortex functioning would reduce PE effects on memory for preceding stimuli.

In this pre-registered study, we combined ‘neuro-navigated’ transcranial magnetic
stimulation (TMS) with electroencephalography (EEG) and multivariate pattern analysis to
elucidate the brain mechanisms underlying PE effects on memory. Specifically, we tested
whether (i) PEs induce a neural reactivation of the preceding stimulus, (ii) PE effects on
memory require a specific neural state, associated with alpha or theta oscillations or a neural
representation of the preceding stimulus shortly before the PE, and (iii) inhibitory stimulation
over the superior parietal cortex reduces PE effects on memory. To these ends, we applied
continuous theta-burst stimulation (cTBS) over the superior parietal cortex before participants
completed a combined incidental encoding-fear learning task, while EEG was recorded. During
this task, participants encoded trial-unique stimuli and predicted whether these would be
followed by an electric shock. Memory was tested 24 hours later. We hypothesized that (signed)
PEs would enhance subsequent memory and that these effects would be dependent on the neural
state and representation around the PE. Additionally, we predicted that cTBS over the superior
parietal cortex would generally reduce PE effects on memory.

5.2 Methods

5.2.1 Participants

One hundred twenty-two healthy right-handed volunteers participated in this study (69
female; age: M = 25.55 years, SD = 3.63 years, range = 19-33 years). Exclusion criteria were
screened in a standardized interview and comprised: insufficient command of German, life-
time history of any neurological, cardiovascular or psychiatric diseases, medication intake or
substance abuse, and contraindications for MRI measurements or TMS. All participants
provided written informed consent before participation and received a monetary
reimbursement. The ethics committee of the Faculty of Psychology and Human Movement
Science at the University of Hamburg approved the study (2022 055 Loock Schwabe), which
was carried out in line with the Declaration of Helsinki.

The target sample size was based on a previous behavioral study from our lab that
showed an effect of aversive signed PE on memory formation using the same task in » = 120
participants with a power of .92 (Loock, Kalbe & Schwabe, 2025). In the present study, a post-
hoc power simulation using the R-package simR (Green & MacLeod, 2016) for the observed

effect of aversive signed PE on memory formation and our final sample size of n = 118
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participants (due to exclusions in EEG data analysis) yielded a power of .98 based on 1000
simulations.

We employed a between subjects-design with the factor stimulation group (TMS vs.
sham). Participants were randomly assigned to the TMS group (n =62, 31 female) and the sham
group (n = 60, 38 female).

5.2.2 Procedure

The experiment consisted of one MRI session — during which we acquired an anatomical
brain image required for ‘neuro-navigated’ TMS — and two experimental sessions (Day 1 and
Day 2) that took place on two consecutive days (see Figure 7).

Before experimental Day 1, we acquired T1-weighted structural Magnetic Resonance
(MR) images of each participant using a 3T Siemens PRISMA scanner located at the University
Medical Center Hamburg-Eppendorf. We utilized a magnetization-prepared rapid acquisition
gradient echo (MPRAGE) sequence to collect the anatomical images that had a voxel size of
0.8 x 0.8 x 0.9 mm?® and consisted of 256 slices. The imaging parameters for the MPRAGE
sequence were a repetition time (TR) of 2.5 s and an echo time (TE) of 2.12 ms. These structural
brain images were used for ‘neuro-navigating’ the TMS or sham stimulation.

Upon arrival on experimental Day 1, participants provided written informed consent and
filled out questionnaires assessing depressive symptoms (BDI-II; Beck et al., 1961), sleep
quality (PSQI; Buysse et al., 1989), state and trait anxiety (STAI-S and -T; Spielberger et al.,
1970), and chronic stress (TICS; Schulz et al., 2004). While completing the questionnaires, the
EEG cap and electrodes were set up. A stimulation electrode for applying electric shocks during
the incidental encoding-fear learning task was placed on the participant’s right lower leg,
approximately 20 cm above the heel. Shock intensity was adjusted individually to be unpleasant
but not painful in a stepwise-manner. More specifically, 200ms single pulse shocks were
administered consecutively with an initial intensity of 15V until they were perceived as
unpleasant but not painful. For electrical stimulation, we used the STM-200 stimulation module
connected to the MP-160 data acquisition and analysis system (BIOPAC systems, Goleta,
California, United States). To assess skin conductance responses (SCRs) as an indicator of
physiological arousal, electrodes were placed on the distal phalanx of the index finger and the
third finger of the left hand. Next, participants individual motor-thresholds for TMS were
determined. Thereafter, participants performed the first session of a Delayed-matching-to-
sample (DMS) task (see below), which served to later train a classifier based on L2-penalized
logistic regression for EEG-based decoding, before they underwent either the sham or TMS

stimulation targeting the right superior parietal cortex. Immediately after the TMS or sham
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stimulation, participants performed a combined incidental encoding-fear learning task in which
they were asked to predict whether a stimulus presented on screen would be followed by an
electric shock (see below). After half of the task, we administered a second TMS or sham
stimulation to maintain the effects of the stimulation throughout the task. After finishing the
encoding task, participants performed a second session of the DMS task. In total, Day 1 took
about 4.5 hours per participant. Approximately twenty-four hours later, participants returned
for a surprise recognition test in which we assessed their memory for the stimuli encoded on
Day 1.
5.2.3 Day 1: Delayed-matching-to-sample (DMS) task

In order to decode neural stimulus representations before and after PE, we trained a
classifier based on the EEG data from a DMS task (Meier et al., 2022; see Figure 7). The DMS
is common for examining working memory processes (Anderson & Colombo, 2019). This task
was performed twice, once before TMS/sham stimulation and once after the combined
incidental encoding-fear learning task to rule out any time- or TMS-related biases in the
classifier. In each of the two sessions, participants completed 150 trials. During each session,
participants saw images of three different stimulus categories (animals, scenes, tools). Stimuli
were taken from available image databases, i.e., Bank of Standardized Stimuli (Brodeur et al.,
2010; Brodeur et al., 2014), SUN database (Xiao et al., 2010), Konklab (Konkle et al., 2010),
and open online sources. In total, the stimulus set consisted of 300 unique pictures of animals,
scenes and tools respectively, with 100 images per category isolated on white background. We
pre-allocated two different stimulus sets of 150 pictures each (50 animals, 50 scenes, 50 tools)
of which one was used in the first DMS session and the other in the second DMS session. All
stimuli were assumed to be emotionally neutral and represented an unique exemplar of its
category. On each trial, a target stimlus was presented for 2 s in the center of a grey screen.
Participants were instructed to keep this trial-specific target in mind for a 2s delay period during
which a black fixation cross was presented on the screen. After the delay period, the target
stimulus and two distractor stimuli appeared on the screen simultaneously and participants were
required to select via button press within 2 s which stimulus they had seen before. The position
of the target stimulus on the screen (left, center, right) was randomized across trials and
response buttons corresponded to the numbers ‘1’ (left), ‘2’ (center) and ‘3’ (right) on the
keyboard. The distractors were either drawn randomly from the same category as the target or
from the two left-over stimulus categories. Trials were pseudo-randomized with the restriction
that successive trials did not include targets from the same category for more than three

consecutive times. Between trials, there was a fixed interval of 2 s. An example trial of the
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DMS task is presented in Figure 7. Importantly, the stimuli used in the DMS task did not overlap

with those used in the incidental encoding-fear learning task.

5.2.4 Day 1: TMS and sham stimulation

In order to examine the functional role of the superior parietal cortex in PE-induced
memory enhancements, we used neuro-navigated TMS over the right superior parietal cortex
before participants underwent the incidental encoding- fear learning task. For stimulation, we
used a PowerMag Research 100 stimulator (MAG & More GmbH, Munich, Germany) which
applies repetitive transcranial magnetic stimulation (rTMS). Depending on the experimental
group (TMS vs. sham), two different figure-eight TMS coils were used: a PMD70-pCool coil
(MAG & More GmbH, Munich, Germany; max. magnetic field strength of 2T) was used for
continous Theta Burst stimulation (cTBS) in the TMS condition, whereas the PMD70-pCool-
SHAM (MAG & More GmbH, Munich, Germany; minimal magnetic field strength) was used
in the sham condition. Importantly, the sham condition induced a similar sensory but
widespread experience on the scalp not pervading the skull. We used a double-blind protocol,
in which neither the participant nor the experimenter was aware of the stimulation condition.
Participants were asked to guess which treatment they had received at the end of the experiment.
5.2.4.1 Motor threshold determination

The motor threshold (MT) was determined before participants started to do any task on
Day 1, but were already wearing an EEG cap without electrodes attached to it (see Grob et al.,
2024). The MT determination was used to determine the appropriate magnetic field strength
per individual. Disposable, pre-gelled Ag/ACL surface electromyography (EMG) electrodes
were attached to the participant’s right hand: An active electrode was placed on the abductor
pollicis brevis muscle, with a reference electrode on the bony landmark of the index finger and
a ground electrode on the tip of the ulna bone. In order to locate the motor hotspot (MH), we
located the center of the head, moved 5 cm leftward and 3.5 cm to the forehead at an angle of
45° and marked this area as the center of a 3x3 point-grid area. Each point was 1cm apart from
its neighbours. Starting at 40 % maximum stimulator output, we gradually increased the output
intensity of the stimulation (with a step size of 5%) while adjusting the TMS coil to an angle of
45° on the z-axis. Then, we screened the 3x3 search grid for the motor hotspot delivering single
10 Hz pulses. As soon as the MH was found, the MT was determined at that certain location.
The MT was defined as the minimum percentage of maximum stimulator output over the left
motor cortex (area: M1) necessary to elicit motor evoked potentials (MEPs) with a peak-to-

peak amplitude of 50 uV in response to at least eight out of 16 consecutive single pulses.
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5.2.4.2 Neuro-navigation

Individual T1-weighted anatomical MR images of the participants were used for neuro-
navigation with the PowerMag System (MAG & More GmbH, Munich, Germany). This
procedure ensured a precise and individually tailored coil placement being aligned with the
superior parietal cortex as target area. An infrared camera (Polaris Spectra) was used to locate
and track the participant’s head and the TMS or sham coil in space. Based on the information
we gained from the T1-weighted MR images, we created 3D-models of the participant’s head
which allowed us to precisely locate the right superior parietal cortex individually based on
Talairach (TAL) coordinates from previous work (TAL: 21, -54, 51; Ester et al., 2015) which
we transformed into system-compatible MNI coordinates (20, -58, 57). As we assume that
memory maintenance processes might be involved in PE-related memory enhancements, we
decided to target the superior parietal cortex which has been repeatedly associated with working
memory and stimulus representation (D’Esposito & Postle, 2015; Ester et al., 2015; Koenigs et
al., 2009). After entering the target MNI coordinates (20, -58, 57), the coil was positioned in
alignment with the neuro-navigation system. We aimed for a brain-to-target distance of less
than 3 cm to ensure the shortest distance to the cortex.
5.2.4.3 Stimulation protocol

We applied ¢TBS using the active coil for the TMS group or the sham coil for the sham
group. It is assumed that ¢cTBS leads to an inhibitory effect on the target brain region under
stimulation (Grob et al., 2024; Huang et al., 2005; Jannati et al., 2023). Based on a cTBS
protocol by Grob et al. (2024), participants received a series of theta bursts with three magnetic
pulses (triplets) at a frequency of 50 Hz, with the triplets being repeated at a rate of five Hz,
i.e., five triplets per second. In total, 600 magnetic pulses over 40 sec per participants were
administered to the target area. We fixed the coil using a tripod placed behind the participant to
maintain a precise (TMS or sham) stimulation of the right superior parietal cortex (MNI: 20, -
58, 57) with less than 3cm of brain-to-target distance.
5.2.5 Day 1: Incidental encoding-fear learning task

To examine the neural mechanisms underlying PE-induced memory enhancements,
participants completed an incidental encoding-fear learning paradigm immediately after TMS
or sham stimulation while EEG was recorded (see Figure 7). Stimuli were taken from existing
databases, i.e., Bank of Standardized Stimuli (Brodeur et al., 2010; Brodeur et al., 2014), SUN
database (Xiao et al., 2010), Konklab (Konkle et al., 2010), and open online sources. The
stimulus set consisted of 540 pictures of animals, scenes and tools, with 180 pictures per

category isolated on white background. All stimuli were assumed to be of neutral valence and
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represented an unique exemplar of its category. Out of this pool, 360 pictures (120 per category)
were randomly drawn and used during encoding on Day 1. The remaining 180 pictures (60
pictures per stimulus category) served as lures in the recognition test on Day 2. The order of
item presentation was randomized across participants.

In the incidental encoding-fear learning task, participants were instructed that they
would see a stream of pictures (animals, scenes, tools) presented one after another on the screen
and that some pictures will be followed by an electric shock. Participants were asked to predict
how likely a shock would be to follow the presented picture by adjusting a slider on the screen
to a value that corresponded with their prediction of the shock probability (range: 0 to 100%).
For each trial, we derived a PE which was calculated as the relative value of the difference
between participants’ continuous explicit shock expectancy ratings (ranging from O,
corresponding to full confidence that no shock would occur, to 1, corresponding to full
confidence that a shock would occur) and the actual binary outcome of the trial (coded ‘0’ if no
shock occurred and coded ‘1’ if a shock occurred in the current trial). Importantly, participants
were neither informed about the true shock contingencies, nor about the recogniton test on Day
2. They were informed that the shock occurences were not affected by their predictions, but that
they should learn by trial-and-error to improve their predictions over the duration of the task.
Unbeknownst to the participants, the probabilities of a shock were linked to the three picture
categories. One category served as CS* (67 % shock probability), one as CS®* (33 % shock
probability), and one as CS™ (0% shock probability). The assignment of image categories (i.e.,
animals, scenes, tools) to the CS categories (i.e., CS**, CS**, CS-) was counterbalanced across
participants and groups. Throughout the incidental encoding-fear learning task, SCR was
measured as an indicator of physiological arousal by using electrodes on the individual’s left
hand. Electric shocks were applied via the shock electrode placed at the participant’s lower
right leg.

In total, the incidental encoding-fear learning task consisted of 360 trials split into four
blocks of 90 trials. In each block, 30 pictures of animals, 30 pictures of scenes and 30 pictures
of tools were presented in a pseudorandomized order, so that no more than three pictures of the
same category appeared in a row. On each trial, a picture was shown in the center of the screen
for 4.5 s, during which participants were asked to make their prediction about the probability
of an electric shock (Figure 7). A slider was presented underneath each item which could be
individually adjusted to any integer value between 0 % and 100 % by using the computer mouse.
After stimulus offset, a black dot appeared centrally on the screen which coterminated with the

200ms-outcome (shock vs. no-shock), i.e., in no-shock trials, the transition from dot to fixation
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cross indicated that the CS was not followed by a shock. Critically, the duration of the dot’s
presentation on the screen ranged randomly between 0 and 10 s per trial to vary the critical CS-
outcome delay. After the outcome, a black fixation cross centered on grey background was
presented for 6.5 £+ 1.5 s. Between blocks, there was a short break (1-2 min) during which
participants had the chance to recalibrate the shock intensity and rest, if required. Each encoding
block lasted approximately 25 min, resulting in a total duration of 100 min for the entire
incidental encoding-fear learning task.

Our experimental design allowed us to capture continuous predictions which resulted in
continuous PEs. Based on recent literature on PEs (Loock et al., 2025; Kalbe & Schwabe,
2022b; Rouhani et al., 2023), we calculated signed PEs (sPE) which facilitated the distinction
between positive and negative PEs. The sPE were calculated as the relative difference between
the binary outcome (shock vs. no-shock) and the explicit shock prediction in the respective trial
resulting in a value between -1 and 1. Notably, the sPE’s sign also indicated the value of the
outcome: Negative sPEs (sPE < 0) could only occur in unshocked trials, i.e., unexpected shock
omissions, while positive sPEs (sPE > 0) could only occur in shocked trials, i.e., unexpected
shock occurrence.

5.2.6 Day 2: Recognition memory test

On experimental Day 2, approximately 22-26 hours after Day 1, participants returned
for a surprise recognition test (see Figure 7). First, they completed a short questionnaire to
assess whether they anticipated a memory test and then rated how surprised they were about
the recognition test on a scale from 1 (not surprised at all) to 5 (very surprised). In the
recognition test, participants saw all pictures they had seen during the incidental encoding-fear
learning task (120 pictures of animals, 120 pictures of scenes and 120 pictures of tools) as well
as 180 ‘new’ pictures, i.e., lures (60 pictures of animals, 60 pictures of scenes and 60 pictures
of tools) that had not been presented before, in a randomized order. Each trial started with a
centred black fixation cross on a grey background for 1.5 + 0.5 s, followed by an ‘old’ or ‘new’
picture presented centrally on the screen for 6 s. For each item, participants were instructed to
indicate whether the currently presented picture was definitely old, maybe old, maybe new or
definitely new by pressing the ‘1°, 2°, ‘3’ or ‘4’ button on the keyboard, respectively.

Participants had to log in their response while the stimulus was presented on screen (max. 6 s).
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Figure 7

Overview of the experimental procedure
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Note. In the Delayed-matching-to-sample task, participants were required to keep stimuli from three different
categories (animals, scenes, tools) in mind for 2 s and to select which stimulus they had seen before, which
was then used for classifier training. TMS/Sham-Stimulation was applied to the right superior parietal cortex
(highlighted in red). In the incidental encoding-fear learning task, participants saw a series of trial-unique
pictures from three different categories (animals, scenes, tools) linked to fixed probabilities for receiving an
aversive electric shock (CS*=67%, CS** =33%, and CS=0%). On each trial, participants indicated their
shock expectation on a continuous scale (from 0 to 100 %). The delay with which the outcome (shock vs. no-
shock) occurred after stimulus-offset varied between 0 and 10 s. In a surprise recognition test 24 hours later,
participants had to indicate whether they had seen the item on the screen before while indicating their
certainty (definitely old, maybe old, maybe new or definitely new). Importantly, they were presented with
old items from the incidental encoding-fear learning task and unseen, new items. Critically, the TMS/Sham
stimulation over the right superior parietal cortex was applied before and during the incidental encoding-fear
learning task. All depicted images are licensed under Creative Commons BY-SA license.

5.3 SCR data acquisition and analysis

On experimental Day 1, we recorded SCR as a measure of arousal and conditioned fear
during the incidental encoding-fear learning task. SCR was measured using a MP-160 BIOPAC
data acquisition system (BIOPAC systems, Goleta, California, United States).

SCRs were analyzed using Continuous Decomposition Analysis in Ledalab Version 3.4.9
(Benedek and Kaernbach, 2010). On each trial, we derived the average phasic driver within a

specified response window. First, the skin conductance signal was downsampled to 50 Hz and
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optimized applying four cycles of initial values to increase the goodness of the model. For the
anticipatory SCR, a response window was set from 0.5 after stimulus onset until the onset of
the outcome (shock/no-shock) and could vary depending on the CS-outcome delay. Outcome-
related SCR was analysed between 0.5 s and 4.5 s after outcome onset. The minimum amplitude
threshold was set to 0.01 uS for both the anticipatory and the outcome-related SCR. Resulting
estimates of the average phasic driver within each response window were returned in pS.
Notably, these estimates are sensitive to interindividual differences because of physiological
factors such as the thickness of the corneum (Figner and Murphy, 2011). We therefore
standardized both the anticipatory and the outcome-related SCR by dividing the average phasic
driver estimated in each trial by the maximum average phasic driver for each participant
observed in every trial. During SCR analysis, we noticed that there were no significant SCRs
to the unconditioned stimulus, i.e., an electric shock, which rendered the SCR data unreliable.
We therefore decided to not include the SCR data in further analyses.

5.4 EEG data acquisition and analysis

5.4.1 EEG acquisition

On Day 1, EEG was recorded during each of the DMS sessions and the incidental
encoding-fear learning task. Participants were seated 80 cm in front of a computer screen in an
electrically-shielded and sound-isolated room. A 64-channel BioSemi ActiveTwo system
(BioSemi B.V., Amsterdam, The Netherlands), following the international 10-20 system, was
used to record EEG at a sampling rate of 1024 Hz. Additional electrodes were placed at the
mastoids, above and below the orbital ridge of the right eye and at the outer canthi of both eyes.
Electrode impedances were kept between +30 mV. The EEG data was referenced online to the
BioSemi common mode sense (CMS) - driven right leg (DRL) reference electrodes and filtered
online with a band-pass filter of 0.03-100 Hz. Due to technical issues, 4 participants had to be

excluded from EEG analysis resulting in a sample of n = 118 participants for the EEG analysis.

5.4.2 Preprocessing

Preprocessing was performed offline using the FieldTrip toolbox (Version 20200607;
Oostenfeld et al., 2011) and custom scripts in Matlab (Version 2020b; TheMathWorks). Trials
from the incidental encoding fear-learning task were segmented from -5 to 5s relative to
outcome onset and re-referenced to the mean average of all scalp electrodes. Data were
demeaned based on the average signal of the entire trial and de-trended. A discrete Fourier-
Transform filter (DFT) at 50 Hz was applied to minimize power-line noise. Electrodes that did
not record or showed extensive noise (max. one per participant) were removed and interpolated

by weighted neighboring electrodes. Noisy trials were removed by visual inspection. On
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average, 11.05 (SD = 5.57) of the 360 trials were removed in the incidental encoding-fear
learning task, corresponding to approximately 3% of all trials. After artifact rejection, the
segments were downsampled to 256 Hz. Next, we ran an extended infomax independent
component analysis (ICA) using the 'runica' method with a stop criterion of weight change <10~
7 in order to identify and reject components associated with eye blinks or other sources of noise.
Following a two-step procedure, we first correlated the signals from the horizontal and vertical
EOG electrodes with each independent component and removed components exhibiting a
correlation higher than 0.9. The remaining components were then identified through visual
inspection along the time course and corresponding brain topographies. On average, 6.08 (SD

= 2.67) components per participant were detected and removed.

5.4.3 Event-related potential (ERP) analysis

Based on previous studies on PE-related ERPs (Silvetti et al., 2014; Turan et al., 2025),
we analyzed outcome (i.e., shock vs. no-shock) effects on the Feedback Related Negativity
component (FRN; Talmi et al., 2013) and on the Positivity 300 component (P3; Ridderinkhof
et al., 2009) in the EEG data of the incidental encoding-fear learning task on Day 1. For this
ERP analysis, data was segmented into epochs from -2000 ms to 2000ms relative to outcome
onset (shock vs. no-shock) and baseline-corrected by subtracting the average 2000 ms interval
before outcome onset. The FRN was analysed between 0 and 800 ms after outcome onset at the
fronto-central electrode channel FCz independent of the trials outcome (shock vs. no-shock)
and defined as the largest negative peak between 0 and 800ms after outcome onset used for
later analyses with item recognition and PE effects. The P3 was analysed between 300 and
1000ms at the posterior channel Pz independent of the trials outcome and defined as the largest
positive peak between 300 and 1000ms after outcome onset used for later analyses with item

recognition and PE effects.

5.4.4 Time-frequency analyses

EEG data from the incidental encoding-fear learning task was decomposed spectrally
using sliding Hanning windows (2-30 Hz, 1-Hz steps, five-cycle window, interval: -5 to 5 s
relative to outcome onset) averaged over all trials. This enabled us to calculate the time-
frequency representations with respect to two temporal windows: pre-outcome (=3 to 0 s
relative to outcome onset) and post-outcome (0 to 3 s relative to outcome onset). To obtain a
more nuanced picture of what is emerging around the occurrence of a PE, we also computed
shorter time windows (pre-outcome: —1 to 0 s relative to outcome onset; post-outcome: 0 to 1
s relative to outcome onset) for which we obtained a similar pattern of results. In each window,

single trial power estimates were calculated trial-wise, log-transformed (Grandchamp &
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Delorme, 2011; Smulders et al., 2018) and baseline corrected (absolute baseline correction —5
to —3 s relative to stimulus onset). For the whole-brain time—frequency data, spectral power
averaged over all trials was tested with a dependent sample cluster-based permutation #-test
(10.000 permutations to correct for multiple comparisons; Maris & Oostenveld, 2007). This
approach allows testing for statistical differences while simultaneously controlling for multiple
comparisons without spatial constraints. The samples were clustered at a level of actuster = 0.001.
Clusters with a corrected Monte Carlo p-value < 0.05 are reported as significant. Additionally,
we entered the single power estimates in alpha (8-12 Hz) and theta bands (4-7 Hz) into models

assessing item recognition dependent on PEs.

54.5 MVPA
Multivariate decoding analysis was performed using the MVPA-light toolbox (Treder,
2020).

5.4.5.1 Classifier training

For decoding, EEG data from the DMS sessions before and after the incidental
encoding-fear learning task was pooled to reduce any time-related biases and to make sure that
there is a sufficient number of trials for a reliable classifier training. In the DMS task, epochs
were defined as -2000 to 2000 ms relative to the delay phase. Then, the EEG data was processed
exactly as in the PE-task. On average, 7.76 (SD = 3.42) of the 300 trials (pooled over both
sessions) were removed from the DMS task, corresponding to < 3% of all trials. During ICA,
4.97 (SD = 2.20) components per participant were detected and removed on average.
Afterwards, the classifier was trained within-subject, utilizing a logistic regression (L2
penalized) on the preprocessed data of the DMS task (pooled over both DMS sessions) to
differentiate between image categories (animals, scenes, tools). On each trial, each target
category (e.g., a scene), was contrasted against the two unseen image categories (e.g., an animal
and a tool). To account for class imbalances, we applied class weights that incorporated the
inverse frequency of each class. All EEG channels were used as features. Prior to classification,
we segmented the preprocessed data into one time window that was subject of the classifier
training: The investigated window (0 to 2000 ms relative to the delay phase) included the whole
delay phase where participants had to keep the target in mind (stimulus maintenance phase).
Here, we used a sliding window averaging 100 ms with a step size of 10 ms to identify the
optimal time window for individual decoding. To evaluate the classification performance, we
implemented a 5-fold cross-validation. The classifiers with the highest performance, i.e.,
accuracy, were used to decode the neural representations during the incidental encoding-fear

learning task.
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5.4.5.2 Decoding

The classifier trained during the stimulus maintenance phase per participant was used to
decode neural patterns emerging before and after outcome onset in the incidental encoding-fear
learning task, i.e., before and after the occurrence of PEs. Specifically, we defined two windows
of decoding and segmented the preprocessed data from the incidental encoding-fear learning
task accordingly: A pre-outcome window during the CS-outcome delay (-2000 to 0 ms relative
to outcome onset) and a post-outcome window after the outcome was presented (0 to 2000 ms
relative to outcome onset). The pattern of results remained unchanged when analyzing smaller
time windows (£ 1000 ms relative to outcome onset). The pre-outcome window was indicative
of the neural stimulus representation (i.e., maintenance) during the CS-outcome delay, shortly
before a PE occurred, while the post-outcome window indicated neural patterns that emerge
after a PE has occurred (i.e., potential stimulus reactivation). In a trialwise manner, the classifier
trained during stimulus maintenance in the DMS task was applied to each of the decoding
windows (pre-outcome, post-outcome) utilizing an overlapping sliding window, with a time
average of 100ms and a step size of 10 ms. The resulting average decoding accuracy per trial
indicated the strength of the neural patterns before and after a PE, respectively, and was used
for later analyses of item recognition and PE effects.

5.5 Statistical analysis

5.5.1 Behavioral analyses

Overall, item recognition was treated as the binary dependent variable, coded as ‘0’ for
misses and ‘1 for hits. In line with previous research on episodic memory (Bartlett et al., 1980;
Gagnon et al., 2019; Heinbockel et al., 2024; Kalbe and Schwabe, 2022), our analysis focused
on high-confidence responses, such that only trials in which participants indicated that they
were ‘very sure’ were considered as hits. Such high-confidence recognitions have been linked
to a hippocampus-based recollection rather than only familiarity with an item, which is assumed
to depend on the perirhinal cortex (Eichenbaum et al., 2007). Accordingly, we computed hit
rates (i.e., recognizing an item as “‘surely old”) and category-based false alarm rates based on
stimulus category-level (CS*" vs. CS*" vs. CS-). Additionally, we computed the signal detection
theory-based parameter d’, computed as the difference between z-transformed hit rates and z-
transformed false alarm rates, where z represents the inverse of the standard normal distribution.
Using mixed-design ANOV As, we also examined the influence of the between-subjects factor
stimulation group (TMS vs. sham) and the within-subject factor conditioning category (CS**
vs. CSP* vs. CS"). For pairwise comparisons, independent-samples t-tests were conducted, with

Welch’s correction applied when the assumption of equal variances was violated.
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5.5.2 Linear and multilevel models

To analyze how PEs impacted subsequent recognition memory, we fitted generalized
linear mixed models (GLMMs) with a logit link function using the Ime4 R package (Bates et
al., 2015) that enabled us to perform trial-wise analyses. To maximize generalizability of the
GLMMs, we utilized the maximal random effects structure and treated subjects as random
effects for both the intercept and all slopes of the fixed effects included in the model (Barr et
al., 2013). The recognition of an individual item was treated as the binary dependent variable,
coded ‘0’ for misses and ‘1’ for confident hits. For PEs, we derived a fine-grained measure of
PEs, the sPE, ranging between -1 and 1 and allowing to differentiate between negative and
positive PEs. We fitted models using different sets of independent variables, including sPEs,
anticipatory and outcome-related arousal, the explicit shock prediction, the CS-outcome delay
and the stimulation group including their interaction. The best fitting models were selected
based on ¥ tests.

To directly link electrophysiological data with the participant’s recognition performance
and PE-effects, we computed a set of separate linear mixed models (LMMs) and GLMMs at
the trial level. For ERP data, we computed LMMs with the independent variable sPE, the
stimulation group, CS-outcome delay and the explicit shock prediction on the FRN amplitude
and on the P3 amplitude, respectively. Additionally, we also computed GLMMs that tested
whether the P3 amplitude and the FRN amplitude, respectively, predicted item recognition.
For time-frequency data, we fitted LMMSs to investigate whether the average spectral power
interacted with the PE in the pre-outcome and post-outcome window to affect item recognition.
For each window, we computed a set of GLMM s that included the average spectral power, sPE,
CS-outcome delay and stimulation group including their interactions to predict item
recognition. First, we investigated pre-outcome and post-outcome windows that lasted 3 s.

To analyze if and how the neural stimulus representations are associated with PE-
induced memory enhancements, we also computed (G)LMMs in which we included decoding
accuracy from the MVPA. To examine to what extent PE effects on subsequent memory require
a neural stimulus (category) representation at the time of the outcome (i.e., shortly before a PE
occurred), we computed a GLMM with item recognition being predicted by sPE and decoding
accuracy (and stimulation group) in the pre-outcome window. In order to assess whether PE
magnitude is associated with stimulus (category) reactivation, we set up an LMM in which we
predicted the post-outcome decoding accuracy by the sPE and the stimulation group.

Additionally, we fitted a GLMM with the post-outcome decoding accuracy, sPE and stimulation
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group as independent variables to predict the binary variable item recognition and to further
elucidate the mechanisms underlying PE-induced memory enhancement.

All analyses were performed in R Studio (Version 1.2.5033, RStudio Team (2020), PBC,
Boston, MA, USA), unless indicated otherwise above, and subjected at a significance level of
o = .05 and reported p-values are two-tailed. In case of sphericity violation, indicated by
Mauchly’s test, Greenhouse Geisser corrected degrees of freedom and p-values are reported.
Post-hoc tests following significant main or interaction effects were Bonferroni-corrected for
multiple comparisons, if required. Effect sizes were either reported as Cohen’s d for #-values
for between-subjects analyses, Cohen’s d: for within-subjects analyses or partial eta squared for

F-values.

5.6 Transparency and openness

All data, materials, and scripts have been made publicly available and can be accessed at:
https://doi.org/10.25592/uhhfdm.17016. This study was pre-registered at the German Clinical
Trials Register (DRKS-ID: DRKS00030529; https://drks.de/search/en/tria/DRKS00030529).
5.7 Results

5.7.1 Successful fear learning

PEs were overall equally distributed around zero indicating that a sufficient number of
positive and negative PEs could be analyzed (Figure 8A). Participants’ explicit shock
predictions (ranging from 0 to 100 %) showed that they learned the shock contingencies very
well (Figure 8B). For CS*" (M= 0.68, SD = 0.16), the shock expectancy was significantly higher
compared to CS* (M =0.47,SD =0.15; #(121)=9.93,p < .001, d = 1.36) and for CS®* compared
to CS" (M =0.06,SD =0.13; #(121)=23.33, p <.001, d = 3.22). Importantly, shock predictions
did not differ between stimulation groups (F(1,120) = 0.06, p = .806, partial > = 0.00).
5.7.2 General memory performance

Overall, participants performed well in the surprise recognition test on Day 2, as
reflected in significantly higher hit rates (M = 0.59 , SD = 0.33) than false alarm rates (M =
0.41,SD=0.37;#(121)=16.16, p <.001, d = 0.50). Hit rates differed significantly between CS
conditions (F(2,242) = 5.63, p = .004, partial > = 0.005), as did false alarm rates (F(2,242) =
6.47, p = .002, partial #?> = 0.002). Post-hoc comparisons revealed that the average hit rate for
CS*" items (M = 0.62, SD = 0.13) was significantly higher than for CS®* items (M = 0.58, SD =
0.12; 1(121)=2.71, p = .007, d = 0.11) and CS" items (M = 0.56, SD = 0.15; (121) =291, p =
.004, d = 0.16), while the hit rates for CS** and CS- items did not differ (#(121) = 0.93, p = .355,
d = 0.05). For the false alarm rate, there was a comparable pattern with the average false alarm

rate being significantly increased for CS*" (M = 0.42, SD = 0.09) items compared to CS®* items
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(M =0.39,SD=0.09; #(121) =2.48, p = .014, d = 0.08) but not to CS~ items (M = 0.43, SD =
0.08; #(121) = -0.66, p = .509, d = 0.02). Notably, the false alarm rate was significantly lower
for CS®* items compared to CS-items (#(121) =-3.65, p <.001, d = 0.10). When using the signal
detection theory-based parameter d’, recognition memory was higher for both CS*" items (M =
0.90, SD = 0.37) and CS"" items (M = 0.84, SD = 0.38) compared to CS- items (M = 0.65, SD =
0.42; vs. CS*": (121) = 4.81, p < .001,d = 0.51; vs. CS®*: for #(121 )= 3.57, p = .001, d = 0.39;
main effect CS category: F(2,242) = 13.24, p < .001, partial > = 0.041), while there was no
reliable difference between CS** and CS"" items (#(121) = 1.24, p = 218, d = 0.10; Figure 8C).

CTBS over the superior parietal cortex had a significant impact on overall recognition
memory performance. For d°, our analyses revealed significantly increased memory
performance for participants of the TMS group (M = 0.87, SD = 0.53) compared to those of the
sham group (M = 0.72, SD = 0.41; #(116.2) = 2.17, p = .032, d = 0.39; Figure 8C). To further
elucidate where this difference in memory sensitivity is coming from, we analyzed the hit rates
and false alarm rates for each experimental group. Participants who received cTBS immediately
before the encoding session had a significantly lower hit rate (M = 0.38, SD = 0.20) but also a
significantly lower false alarm rate (M = 0.17, SD = 0.22) compared to the participants of the
sham group (hit rate: M =0.81, SD =0.09, #(115.0) =-9.57, p <.001, d = 1.74; false alarm rate:
M = 0.67, SD = 0.33, #(99.3) = -10.13, p < .001, d = 1.85), suggesting that cTBS over the
superior parietal cortex led to more conservative mnemonic responses.

5.7.3 Signed PEs enhance memory for preceding stimuli

To investigate the influence of PEs on memory formation, we fitted GLMMs with
recognition of an item as the binary dependent variable and added relevant independent
predictors in a step-wise manner.

We started with a minimal model, in which we tested whether trial-wise sPEs contribute
to item recognition. We treated the sPE (ranging from -1 to 1) after a CS item, i.e., the predictive
stimulus, as the sole independent variable to predict subsequent item recognition. Estimates
obtained revealed that sPEs, z = 2.44, p = .015, # = 0.09, showed the expected positive
relationship with subsequent item recognition. To rule out that the sPE-effects were confounded
with the explicit shock prediction or the outcome (shock vs. no-shock), we computed a model
in which we added the explicit shock prediction and the outcome, respectively, as additional
predictors. Importantly, the memory enhancing effect of the subsequent sPEs remained
significant (all z > 3.95, p < .001, 3 > 0.18; Figure 8E) after adding the prediction or the

outcome, respectively.
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Figure 8

PEs, shock expectations, and memory performance
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Note. (A) PEs for CS*" and CS®" were equally distributed around zero. (B) Participants’ mean shock
predictions (thick lines) approached the underlying shock probabilities (dotted lines) relatively quickly
confirming successful fear learning. (C, D) Memory sensitivity, computed as d-prime (computed as the
difference between z-transformed hit rates and z-transformed false alarm rates) in the sham group (C) was
significantly lower than in the TMS group (D). Dots show data from individual participants. (E) sPEs
significantly boosted memory for the preceding stimulus.

To investigate whether sPE effects on memory are dependent on the CS-outcome delay,
we set up a model in which we included the sPE, the explicit shock prediction, the CS-outcome
delay and the sPExCS-outcome delay interaction to predict the binary item reocgnition. This
model revealed that memory was not influenced by the CS-outcome delay (z = 0.46, p = .648,
/3 =0.00) nor by the sSPExCS-outcome delay (z = 0.20, p = .841 , 5 = 0.00) but significantly
enhanced by the sPE (z = 2.95, p = .003, # = 0.19). These findings suggest that the memory
enhancing effect of sPEs is not affected by the delay between CS and outcome, in line with
previous findings (Loock et al., 2025).

Next, we set up a model that incoporated the stimulation group (TMS vs. sham), sPE,
their interaction and the shock prediction to examine whether cTBS over the superior parietal
cortex modulated the sPE effects on memory. Again, we found a memory enhancing effect of
sPEs,z=3.42, p=.001, 5= 0.22. As expected, the stimulation group also affected item memory
(z =-10.18, p < .001, = -2.75) suggesting that memory, expressed as hits, decreased when
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cTBS was applied. However, as the above analysis of overall memory performance showed,
this effect was most likely due to a more conservative response bias in the TMS group.
Importantly, the sPExstimulation group interaction was not significant (z =-0.64, p =.525, 5 =
-0.05) suggesting that the sPE effect on memory was not modulated by cTBS over the superior

parietal cortex.

5.7.4 PEs trigger neural stimulus category reactivation

In line with previous findings (Loock et al., 2025), our behavioral data showed that the
sPE enhance subsequent memory for stimuli preceding the PE, irrespective of the time interval
between the predictive stimulus and the outcome (i.e., PE). CTBS over the superior parietal
cortex appeared to not modulate the sPE effect on memory. In a next step, we investigated the

neural responses elicited by a PE.

5.7.4.1 Event related potentials

First, we analyzed electrophysiological responses to the outcome, i.e., shock vs. no-
shock, reflected in the FRN and P3. Therefore, we computed LMMs that included the sPE, the
stimulation group, CS-outcome delay, the sPExCS-outcome delayxstimulation group
interaction and the explicit shock prediction to predict the post-outcome FRN amplitude and P3
amplitude, respectively. For FRN amplitudes (0-800 ms after outcome onset at Fz), we found a
significant effect of sPEs (#(1298) = 2.68, p = .007 , # = 3.53), while there were no significant
effects of the stimulation group (#(119.6) =-0.97, p = .333 , 5 =-1.66), the CS-outcome delay
(#(337.5) = -1.83, p = .068, 5 = -0.20), or the sSPExXCS-outcome delayxstimulation group
interaction (#(40264.6) = 1.05, p = .293 , f = 0.31). As expected and in line with previous
research showing a role of the FRN in error processing (Bellebaum & Daum, 2008; Holroyd &
Coles, 2002), these findings show that the FRN is scaled by sPE magnitude, i.e., more
pronounced with increasing sPEs, irrespective of CS-outcome delay or stimulation group. For
P3 amplitudes (300-1000 ms after outcome onset at Pz), we found neither a significant effect
of the sPE (#2406.4) = 1.21, p = .226, 3 = 6.35), nor of any other predictor (all p > .222)
suggesting that none of them affected the P3 significantly.

5.7.4.2 Time-frequency analyses

In a next step, we assessed whole-brain time-frequency patterns data after an outcome
was revealed. We obtained a significant positive cluster emerging at approximately 0.5 until 2
sec after outcome onset at parieto-occipital electrodes in alpha and beta bands (9-18 Hz;
electrode: POS; p < .001, ci-range < 0.01, SD < 0.01). Additionally, we found a significant
negative cluster emerging at approximately 1.15 until 3 sec after outcome onset at fronto-central

electrodes in theta and alpha bands (7-13 Hz; electrode: C1; p < .001, ci-range < 0.01, SD <

87



0.01) suggesting that there was an early alpha synchronization and a late theta
desynchronization after outcome onset (see Figure 9A).

Next, we investigated whether the oscillatory power in the alpha (8-12 Hz) and theta
bands (4-7 Hz), respectively, in a 3s-post-outcome window scaled with PE magnitude. To this
end, we computed LMMs that treated the sPE and the CS-outcome delay including their
interaction as independent variables to predict oscillatory power in the alpha and theta band
separately after the outcome was presented. For alpha, this analysis showed no significant
effects of sPEs (#20055.8) = 0.30, p = .766, /3 = 0.00), nor of CS-outcome delay (#(118.6) = -
0.34, p = .732, 5 = 0.00) and no sPExXCS-outcome delay interaction (#36776.7) = 0.10, p =
922, 3=0.00). Likewise, for theta, we obtained no significant effects of sPEs (#(8408.4) = 0.47,
p =.636, 5=0.00), nor of CS-outcome delay (#(138.4) =0.34, p =.738, # =0.00) and sPExXCS-
outcome delay interaction (#37119.8) = -0.43, p = .666, # = 0.00). These results indicate that
the oscillatory post-outcome power in the alpha and theta band seems to be unaffected by the

sPE and by the interval between predictive stimulus and outcome.

5.7.4.3 Decoding of category representations

In a next step, we leveraged an EEG-based decoding approach to investigate the neural
patterns after the occurrence of a PE, i.e., potential stimulus (category) reactivation. As
expected, the average performance of participants in the DMS task (i.e., during classifier
training) was very high (M = 95.14% correct, SD = 0.12) and did not reliably differ between
stimulation groups (#(70.7)= 1.84, p = .069, d = 0.38). Overall, the decoding accuracy during
the post-outcome window (averaged over participants’ individual peak accuracies) was
significantly above chance (M = 0.55, SD = 0.03, #(117) = 23.04, p < .001, d = 4.26; see 8C)
and significantly higher in the TMS group (M = 0.56, SD = 0.03) than in the sham group (M =
0.55, 8D =0.02; (112) =3.15, p = .002, d = 0.58).

Next, we investigated whether the PE magnitude was associated with stimulus
(category) reactivation after the outcome by setting up a LMM that included the sPE to predict
the decoding accuracy in the the post-outcome window. Our analyis revealed a significant sPE
effect on decoding accuracy (#117.1)= -2.43, p = .017, # = -0.02). Interestingly, decoding
accuracy was significantly higher following negative PEs (i.e., unexpected shock omissions, M
=0.57, SD = 0.63) compared to positive PEs (i.e., unexpected shock presentations, M = 0.56,
SD =0.64; z=2.92, p =.004 , = 0.02; Figure 9C). This result indicates that post-outcome
stimulus (category) reactivation was mainly driven by negative sPE.

To investigate whether ¢TBS affected the PE-related stimulus (category) reactivation

we set up a LMM that included the sPExstimulation group interaction. Importantly, there was
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no significant sSPExstimulation group interaction (#(115.8) =-1.48, p = .143, § = -0.02) on post-
outcome decoding accuracy, suggesting that the sPE effect on post-outcome neural stimulus

(category) reactivation seems to be unaffected by cTBS over the superior parietal lobe.

5.7.5 PE-evoked theta power boost predicts item recognition after negative PEs

In order to test whether PE-evoked neural changes predicted subsequent memory, we
first computed a GLMMs that tested whether the FRN amplitude, in response to a PE, or the
FRN amplitude x sPE interaction predicted the binary item recognition. However, we found no
significant effect of the FRN amplitude, z =1.22, p = .224, 3 = 0.00, nor a significant FRN
amplitude x sPE interaction, z =-1.16, p = .248, # = -0.00, on subsequent item memory.

Then, we set up GLMMs that included the post-outcome oscillatory spectral power in
the alpha and theta bands respectively, sPE and stimulation group including their interaction to
predict item recognition. When considering alpha power, we obtained no significant
sPExaverage spectral powerxstimulation group interaction (z =1.25, p = .212, = 0.30) on
subsequent memory. Interestingly, when considering theta power in a separate GLMM, we
found a significant sPExaverage spectral powerxstimulation group interaction (z =2.96, p =
.003, 5 = 0.68) on memory. We pursued this effect with follow-up GLMMs for the sham and
TMS group separately. In the sham group, we found a significant sPExtheta band power
interaction (z = -2.65, p = .008, = -0.51), whereas there was no such effect in the TMS group
(z=1.33, p=.185, 5 = 0.17; see Figure 9B). Although theta power was unaffected by the PE
per se, our analysis showed that, in the sham group, the relationship between the post-outcome
theta power and subsequent recognition memory appeared to depend on the nature of the PE.
Specifically, following negative PEs, increased theta power was significantly associated with
enhanced item recognition (z = 2.12, p = .029, /3 = 0.30), whereas for positive PEs, theta power
was not significantly associated with item recognition (z =0.43, p=.670, 5= 0.06). CTBS over
the superior parietal cortex appeared to abolish this association.

Next, we investigated whether the PE-induced changes in the stimulus (category)
reactivation in the post-outcome window, as assessed by MVPA-based decoding, predicted
subsequent item recognition. A minimal GLMM in which we included post-outcome decoding
accuracy to predict item recognition revealed no significant effect of decoding accuracy (z
=0.81, p = .416, 5 = 0.03). In a follow-up GLMM we included the sPE, stimulation group and
the sPExdecoding accuracyxstimulation group interaction as additional predictors in the
previous model. Our analyses showed no significant interaction effects of sPExdecoding
accuracy (z = 0.07, p = .942, 5 = 0.01) and sPExdecoding accuracyxstimulation group (z = -
0.38, p =.701, 3 =-0.05) on item recognition.
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Figure 9

Post-outcome changes, PEs, and memory
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Note. (A) Averaged time-frequency representations of channels C1 (upper panel) and PO8 (lower panel)
showing significant clusters as revealed by cluster-based permutation tests (outlined in black). (B) Signed
PEs and theta power interactively predicted memory performance in the sham group (upper panel), but not
in the TMS group (lower panel). (C) Trialwise category pattern reactivation computed by multivariate
pattern analysis of EEG-data. An L2-penalized logistic classifier was trained to classify between neural
patterns of three categories from the DMS-task (scenes, animals, tools) and tested on the same categories in
the incidental encoding-fear learning task (upper panel). Overall classification accuracy was higher
following negative PEs compared to positive PEs (lower panel).

5.7.6 PE effect on subsequent memory depends on the neural state shortly before the PE

In a next step, we tested whether PE effects on subsequent memory depend on the neural
state and potential stimulus category representation shortly before the PE.
5.7.6.1 Time-frequency analyses

First, we investigated whether the average spectral power in the 3 s before the outcome
interacted with the sPE on subsequent memory. Critically, in this analysis, we disregarded all
trials in which the analyzed window could have overlapped with the presentation of the
predictive stimulus to ensure temporal separation, i.e., excluding all trials in which the CS-
outcome delay was shorter than 3s. Notably, when including all trials, irrespective of the CS-
outcome delay duration, we observed a very similar pattern of results.

We set up GLMMs that included pre-outcome alpha power (8-12 Hz) and theta power
(4-7 Hz) respectively, sPE and stimulation group including their interaction to predict item
recognition. When including alpha power, our analysis yielded a significant sPExalpha
powerxstimulation group interaction (z =2.55, p =.011, # = 0.84) on memory. We pursued this
effect with separate follow-up GLMMs for the sham and TMS group, respectively. In the sham
group, we found a significant sPExalpha power interaction (z = -2.95, p = .003, S = -0.85),
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while there was no such interaction effect in the TMS group (z = 0.06, p = .949, = 0.01; see
Figure 10). Similarly, when including theta power, we obtained a significant sPExtheta
powerxstimulation group interaction (z =3.18, p = .001, f = 1.03) on memory. Again, we
pursued this effect with separate follow-up GLMMs for the sham and TMS group, respectively.
In the sham group, we found a significant sPExtheta power interaction (z =-2.92, p =.004, =
-0.79), which was not present in the in the TMS group (z = 1.45, p = .148, = 0.26; Figure 10).
These findings suggest that the impact of sPE on item recognition was modulated by the pre-
outcome neural oscillatory activity in the sham group. Specifically, before negative PEs,
increased theta and alpha power were significantly associated with enhanced item recognition
(theta: z = 2.82, p = .005, 3 = 0.45; alpha: z = 2.30, p = .021, 5 = 0.39), whereas for positive
PEs, theta power and alpha power (theta: z = 0.46, p = .645, # = 0.08; alpha: z =-0.94, p = .345,
/3 = -0.17) were not significantly associated with item recognition. CTBS over the superior

parietal cortex appeared to abolish these associations.

5.7.6.2 Decoding of stimulus category reactivation

Next, we leveraged an EEG-based decoding approach again to investigate the neural
patterns shortly before the occurrence of a PE, i.e., potential stimulus (category) representation.
Same as in the time frequency analysis, we disregarded all trials in which the CS-outcome delay
was shorter than 2s to make sure that the analyzed window did not overlap with the stimulus
presentation. Overall, the decoding accuracy during the pre-outcome window (averaged over
participants’ individual peak accuracies) was significantly above chance (M = 0.55, SD = 0.03,
t(117)=22.84, p < .001, d = 4.22) and significantly higher in the TMS group (M = 0.57, SD =
0.03) than in the sham group (M = 0.55, SD = 0.03; #(115.7) = 4.36, p < .001, d = 0.80). A
LMM including the stimulation group and CS-outcome delay to predict pre-outcome decoding
accuracy on trial level, confirmed that there was a significant effect of stimulation group
(#(116.4) = 3.77, p < .001, 5 = 0.16, d = 0.70) but no significant effect of CS-outcome delay
(1(33663.6) = 1.15, p = .251, 3= 0.00, d = 0.01).

Next, we set up a GLMM in which we included the sPE and the sPExdecoding accuracy
interaction to predict subsequent item recognition. This analysis yielded a significant effect of
sPEs (z =3.31, p = .001, 8 = 0.16) and a significant sPExdecoding accuracy interaction effect
(z =-2.10, p = .035, # = -0.14) on item memory suggesting that the PE effect on memory
performance depends on the strength of the stimulus (category) maintenance shortly before the
PE (see Figure 10C). For negative PEs, pre-outcome decoding accuracy was not signficantly
associated with subsequent item recognition (z = 1.24, p = .216, f = 0.06), whereas for positive

PEs, increased decoding accuracy was associated with decreased memory performance (z = -
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2.59, p = .010, p = -0.13). These findings suggest that stronger stimulus (category)
representation shortly before the PE seems to impair memory encoding in the context of positive
PEs, whereas this effect is absent for negative PEs. A follow-up model incorporating
stimulation group yielded that the PExdecoding accuracy was not affected by cTBS over the
right superior parietal cortex, i.e., a non-significant effect of stimulation groupxdecoding
accuracy (z =0.01, p = .938, f = 0.01) and a non-significant sPExdecoding

accuracyxstimulation group interaction on item recognition (z =-0.66, p = .511, 5 =-0.10).

Figure 10

Pre-outcome changes, PEs and memory
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Note. (A) Signed PEs and alpha power interactively predicted item memory in the sham group (upper
panel), but not in the TMS group (lower panel). Shaded areas represent 95%-confidence intervals. (B) A
similar pattern was obtained for theta power, with a significant sPExtheta power interaction on item
memory in the sham group (upper panel) but not in the TMS group (lower panel). (C) Stronger stimulus
(category) representations above chance level (dotted line) shortly before the PE impair memory in the
context of positive PEs.

5.7.7 Control variables

Importantly, participants were not aware of their actual stimulation condition (sham vs.
TMS) as assessed by a treatment guess at the end of the experiment (y?(1) = 0.278; p=.599).
Moreover, participants were moderately surprised by the recognition test on Day 2 (M = 3.13,
SD = 1.27). Participants who underwent the cTBS appeared to be less surprised by the
recognition test (M = 2.42, SD = 1.18) than participants of the sham group (M = 3.83, SD =
0.92; 1(109.88)=7.26, p <.001, d = 1.39). Seventeen participants chose the ‘not surprised at all’
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option. Because excluding them did not affect the results, we included them in all analyses.
Additionally, we included participants suprise into the model to analyse overall memory
performance, i.e., d’, but the group difference remained (F(1,115) = 5.87, p = .017, partial 5> =
0.049), suggesting that it cannot be explained by the difference in the surprise related to the
recognition test.

State and trait anxiety levels were comparable between stimulation groups (STAI-T:
#(118)=10.08, p =.935,d=10.02; STAI-S: (118)=0.95, p = .346, d = 0.18). Notably, there were
significant differences between groups in depressive mood (BDI-II: #(118)=6.12, p <.001, d =
1.13), chronic stress (TICS: #(114)=5.41, p <.001, d = 1.01) and sleep quality (#86)= 5.55, p
<.001, d = 1.20) suggesting that those characteristics were increased in the TMS group before
cTBS was applied. Importantly, adding those measures as covariates in our analyses did not
change the pattern of results, suggesting that these variables could not explain the group
differences we obtained.

5.8 Conclusion

Recent evidence indicates that PEs play a pivotal role in memory formation (Kalbe &
Schwabe, 2020, 2022b; Loock et al., 2025; Rouhani et al., 2023). While these effects are
essential for understanding adaptive memory processes, the underlying mechanisms of these
effects remain poorly understood. Here, we employed EEG and MVPA to investigate the neural
dynamics surrounding PEs in the context of memory. Our findings demonstrate that the impact
of the PEs on adaptive memory formation is driven by the neural state immediately before the
PE as well as neural changes evoked by the PE.

Our results replicate the previously reported beneficial effect of PEs on episodic
memory for preceding inherently neutral stimuli. Previous studies have often examined
unsigned PEs (Kalbe & Schwabe, 2020), which reflect the overall PE magnitude regardless of
its direction. However, more recent evidence suggests that positive and negative PEs
differentially affect memory formation (Kalbe & Schwabe, 2022b; Loock et al., 2025; Rouhani
& Niv, 2021). Therefore, we focused on sPEs on a continuous scale (ranging from -1 to +1) to
distinguish between positive and negative PEs. Our behavioral data corroborate previous
findings (Loock et al., 2025) showing that negative PEs were associated with impaired
subsequent memory, whereas positive PEs were linked to memory enhancement. While initial
fMRI evidence suggests that PE-induced effects on memory are associated with decreased
activation of the medial temporal lobe and enhanced interaction between the salience and a
frontoparietal network (Kalbe & Schwabe, 2022b), we focused on neural processes surrounding

a PE event. We predicted that the sPE effects on memory may require a neural representation
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of the predictive stimulus shortly before the PE event. Remarkably, our findings provide
evidence that the sPE effect on memory depends on the strength of the stimulus (category)
representation shortly before the PE. Interestingly, our findings show for positive PEs, i.e.,
unexpected shock presentations, that increased stimulus category representation before the PE
was associated with impaired memory performance. This result could suggest that strong
reactivation of the predictive stimulus category increases the interference with the attention-
grabbing unexpected shock occurrence, thereby impairing memory storage. In contrast,
negative PEs, i.e., unexpected shock omissions, did not show this effect, presumably because
they are less emotionally salient than positive PEs.

Beyond the neural stimulus category reactivation, we also analyzed the impact of neural
oscillations before the PE event on PE-related memory effects. Interestingly, both alpha and
theta activity before the PE were associated with sPE-induced memory changes (in the sham
group). Again, these effects were dependent on the sign of the PE. For negative PEs, increased
alpha and theta activity before the PE event were linked to improved subsequent memory,
potentially due to enhanced attentional processing and associative binding (Payne & Sekuler,
2014; Staudigl & Hanslmayr, 2013). For positive PEs, however, increased alpha and theta were
associated with reduced subsequent memory, which could be, same as the neural stimulus
category reactivation, related to increased interference and attentional competition.

In addition to the relevance of the neural state shortly before the PE event, we proposed
an alternative mechanism suggesting that the PE may induce neural changes that facilitate the
memory storage of preceding stimuli. As expected, sPEs led to an increased FRN, consistent
with findings linking the FRN with error processing (Bellebaum & Daum, 2008; Holroyd &
Coles, 2002). Intriguingly, sPEs were also associated with increased stimulus category
reactivation. Specifically, we found increased stimulus category reactivation after negative PEs
compared to positive PEs suggesting that negative PEs elicit stronger stimulus (category)
reactivations after the outcome, presumably reflecting an adaptive mechanism for updating
predictive models in response to an unexpected safety signal, i.e., an unexpected shock
omission. This aligns with research demonstrating that unexpected omissions of aversive events
engage mnemonic processes related to model updating and learning (Iglesias et al., 2013), also
suggesting that the increased stimulus reactivation following negative PEs may reflect
increased attentional processing due to the unexpected relief from an anticipated aversive event
(Li et al.,, 2011; Kalbe & Schwabe, 2022b). In contrast, positive PEs, representing an
unexpected aversive outcome, presumably impair stimulus (category) reactivation due to a

more pronounced processing of the unexpected shock. This might lead to arousal-biased
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competition of attention where attentional resources are preferentially allocated to the aversive
event itself rather than to the preceding predictive stimulus (Kalbe & Schwabe, 2022b; Mather
& Sutherland, 2011). Surprisingly, stimulus (category) reactivation after a PE was not related
to item recognition suggesting that memory memory formation does not depend on reactivation
after a PE. Stimulus (category) reactivation may primarily support model updating rather than
direct memory consolidation (Iglesias et al., 2013). Particularly in the context of aversive
learning, neural responses after outcome representation may reflect an adaptive updating of
future expectations rather than strengthening individual item memory (Schwiedrzik &
Freiwald, 2017). Furthermore, physiological arousal induced by the PE may interact with
stimulus (category) reactivation, such that the relevance of stimulus information at this stage
depends on whether attentional resources are directed toward updating predictive models rather
than encoding specific stimulus details (Mather & Sutherland, 2011).

Although theta and alpha power were not directly modulated by sPEs, our findings
indicate an interplay of sPEs and post-PE theta power on recognition, depending on the sign of
the PE. Following negative PEs, theta oscillations were associated with better item recognition
implying that theta waves may support memory consolidation when an expected aversive event
does not occur. This could reflect enhanced memory storage under conditions of surprise by
attenuating processes in the default mode network which may otherwise impair memory
formation (Klimesch, 1999; Kota et al., 2020; White et al., 2013), which might be due to theta
oscillation-induced binding of an item to its spatiotemporal context in the medial temporal lobe
and in hippocampo-cortical feedback loops (Klimesch, 1999; Hanslmayr et al., 2011).
However, for positive PEs, there was no such relationship indicating that theta oscillations may
be more pronounced and relevant for encoding unexpected safety signals rather than unexpected
threat.

We also investigated whether and how the effects of PEs on memory and their
underlying neural mechanisms could be modulated using brain stimulation. Here, we focused
on the superior parietal cortex given its critical role in working memory processes and top-
down attentional updating (Corbetta et al., 1995; D’Esposito & Postle, 2015; Koenigs et al.,
2009). We applied cTBS over the right superior parietal cortex to modulate PE effects on
memory. Overall, we found an increase in memory performance in the cTBS group primarily
driven by a more conservative response bias. This finding resonates with the observed increase
in neural (category) representation and reactivation of the predictive stimulus following cTBS.
Inhibiting the superior parietal cortex may have reduced competing attentional processes,

thereby facilitating more targeted reactivation of relevant memory traces. Given its role in top-

95



down attentional control (D’Esposito & Postle, 2015), an inhibition might have limited the
influence of irrelevant information during retrieval, resulting in a more coherent and robust
reactivation of task-relevant stimulus representations, i.e., stronger decoding signals. This
assumption is supported by findings that cortical reinstatement enhances memory retrieval by
reactivating content-specific encoding patterns (Gordon et al., 2014). Importantly, the
behavioral PE effect on memory was not significantly altered by ¢cTBS suggesting that intact
functioning of the superior parietal cortex region is not essential for the PE-effects on general
memory performance. Instead, the beneficial effect of PEs on memory might derive from more
distributed neural mechanisms, potentially involving medial temporal and prefrontal regions
(Kalbe & Schwabe, 2022b) involved in the detection of expectancy violations and the
prioritization of salient event information for long-term storage. However, at the neural level,
the mechanisms underlying the PE effect on memory were altered by cTBS. Specifically, the
neural signatures of PE-related memory effects, which were evident in the sham group, were
diminished in the ¢cTBS group. The superior parietal cortex is assumed to be critical for pre-
outcome neural states that then shape PE-related memory effects, presumably by facilitating
attentional and predictive processes (Cabeza et al., 2008). However, the absence of this effect
in the TMS group suggests that cTBS may have disrupted the anticipatory modulation of
encoding processes by pre-outcome alpha and theta activity, thereby weakening the interplay
between preparatory neural states and PEs.

In summary, we demonstrate that the effects of sSPE on memory formation for preceding
events are influenced by neural states and representations surrounding the PE. Specifically, the
impact of PEs on memory depends on theta and alpha oscillations shortly before the PE occurs,
which may provide attentional and mnemonic binding ressources required for PE-induced
modulation of memory formation. More generally, these results contribute to our understanding
of the mechanisms underlying adaptive memory, where stimuli predicting emotionally relevant

events are particularly well stored in long-term memory.
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6 General discussion

Rather than being just a signal for learning, surprise is a gateway for restructuring memory
(Antony et al., 2023; Frank et al., 2022; Sinclair & Barense, 2018; Sinclair et al., 2021). Across
moments of expectancy violations, the brain not only adapts future predictions (Henson &
Gagnepain, 2010; Rescorla & Wagner, 1972; Schultz et al., 1997; Shohamy & Adcock, 2010)
but also selects which elements of an experience are stored in long-term memory or forgotten
subsequently (Kalbe et al., 2020; Nairne & Pandeirada, 2008; Rouhani et al., 2023). This thesis
set out to explore this process by investigating how PEs related to aversive outcomes affect
episodic memory formation. Specifically, their underlying cognitive and neural mechanisms
have remained elusive although these effects are essential for understanding adaptive memory
processes. The current thesis aimed to address this gap by systematically investigating the
selectivity, the temporal dynamics and, at its heart, the neural underpinnings of PE-related
memory modulations across a series of five studies.

Across all five studies, we consistently replicated the beneficial effects of PEs related to
aversive events on episodic memory for preceding inherently neutral stimuli. In line with
findings on uPE-effects (Kalbe & Schwabe, 2020), Studies I and II showed that uPEs enhanced
memory retrospectively, and also prospectively (see Figure 11). However, as more recent
evidence suggests that positive and negative PEs differentially affect memory formation (Kalbe
& Schwabe, 2022b; Rouhani & Niv, 2021), our behavioral data from Studies III to V revealed
that the memory enhancing effects of the PE depended on its valence (see Figure 11).
Furthermore, Study III aimed to shed light on the time-dependency of these PE-induced
memory-enhancing effects demonstrating that the retrospective effect of PEs persists for at least
10 seconds, and also indicating that this effect emerges already at encoding. While Studies I
and II suggested that PE effects may also extend prospectively to stimuli following the PE
event, a critical question concerned whether this effect emerged due to contingency or temporal
contiguity (Schultz, 2006). Therefore, Study IV provided critical evidence for the selectivity of
the PE-effects on memory. Specifically, when uninformative stimuli were inserted between the
predictive stimulus and the outcome, the PE-related retrospective memory enhancement was
abolished, indicating that the memory enhancement was bound to predictive value indicating
contingency-dependence, rather than reflecting a general window of heightened encoding
performance. To investigate underlying neural mechanisms, Study V examined oscillatory
dynamics and neural states surrounding the PE event. Our findings showed that theta and alpha
oscillations, along with pre-PE activation of stimulus-specific neural patterns, modulated the

strength of PE-related memory enhancements. Moreover, we also tested the causal role of the
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superior parietal cortex in PE-induced memory modulations, given its critical role in working
memory processes and top-down attentional updating (Corbetta et al., 1995; D’Esposito &
Postle, 2015; Koenigs et al., 2009), using inhibitory brain stimulation. Behaviorally, cTBS did
not significantly alter the retrospective PE-effects on memory suggesting that this region is not
essential for the PE-effects on memory. However, at the neural level, neural states linked to PE-
effects were diminished following cTBS, indicating that an inhibition of the superior parietal
cortex may weaken the neural states supporting PE-related memory enhancements.
Understanding how PEs affect memory formation provides a non-invasive mechanism for
modifying maladaptive beliefs, making it highly relevant for therapeutic interventions in
psychological disorders, e.g., fear-related disorders or depression (Gagné et al., 2018; Hein &
Ruiz, 2022; Papalini et al., 2020; Queirazza et al., 2019).

6.1 PEs enhance episodic memory formation

6.1.1 PEs boost memory retrospectively

Studies I and II revealed that the PE magnitude, i.e., uPE, affected memory formation.
Dovetailing with previous research (Kalbe & Schwabe, 2020; Rosenbaum et al., 2022; Rouhani
& Niv, 2021), our findings demonstrated better memory performance if there was a deviation
between expectation and actual outcome, regardless of its valence. This effect might also be
due to the PE’s saliency in general, rather than its valence, also indicating that the deviation
between outcome and expectation was more relevant rather than the stimulus’ novelty
(Bromberg-Martin et al., 2010; Hayden et al., 2011; Sambrook & Goslin, 2014). Specifically,
the uPE-effect on memory for aversive events might be supported by the assumption that the
LC mediates the influence of uPEs on memory by showing rapid, transient responses to
unexpected outcomes, irrespective of their direction, during reward and fear learning (Nassar
et al., 2012). This system may serve as an alternative source of dopamine to the HC by co-
releasing dopamine along with norepinephrine, thereby supporting dopamine-dependent
plasticity in the hippocampus (Steinberg et al., 2013; Takeuchi et al., 2016; Wagatsuma et al.,
2018).

When considering the direction of the PE, i.e., sPEs, our results from Studies III to V
revealed that negative PEs were associated with impairing retrospective effects on subsequent
memory, while positive PEs were linked to enhanced memory retrospectively. At first sight,
our findings seem to show the exact opposite pattern of results from Kalbe & Schwabe (2022b)
where negative PEs were linked to memory enhancement. However, it is important to note that
our pattern of results was consistently found across three studies employing more than 300

participants, underlining the validity and reliability of our results. Further, participants
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completed triple the amount of trials (360 vs. 120 trials) compared to Kalbe & Schwabe
(2022b), and thus received significantly more electric shocks which may have heightened the
participants’ sensitivity to the aversive outcome (Chen, Ho, & Liang, 2000; Lonsdorf et al.,
2017). Ultimately, this could have intensified the impact of positive PEs, i.e., unexpected shock
occurrences. Notably, Studies III and V demonstrate that this retrospective memory-enhancing
effect of PEs persists for at least 10 s. Crucially, this effect is evident immediately after
encoding, indicating that it does not depend on post-encoding consolidation process.
Interestingly, we also observed that both uPEs and sPEs related to aversive events
consistently enhanced memory in a linear fashion, despite prior evidence suggesting a U-shaped
relationship between PE magnitude and encoding strength in which both low (i.e., consistent)
and high (i.e., surprising) PEs are assumed to lead to facilitated learning (Frank et al., 2018;
Greve et al., 2019; Van Kesteren et al., 2012; Ortiz-Tudela et al., 2023). While our findings
may initially appear to contradict this framework, they provide a critical refinement by
demonstrating that not only the magnitude but also the direction of expectation violations, i.e.,
worse or better than expected, plays a distinct role in modulating memory formation.
Speculatively, these findings may also be interpreted in light of the event segmentation
theory, which assumes that surprising or salient events act as segmentation points in ongoing
events by delineating discrete memory episodes (Kurby & Zacks, 2008; Zacks & Swallow,
2007). Although our paradigm did not explicitly probe event boundaries in a continuous
stimulus stream, but instead presented discrete trials embedded within a Pavlovian learning
task, the observed effects of PEs may functionally resemble such segmentation processes. PEs
may serve as internal event boundaries, i.e., subjective inflection points signalling the brain that
something important has changed. Even though our task structure involved separate trials,
participants continuously formed and updated expectations. Speculatively, when a PE occurs,
it may speculatively interrupt this predictive flow, triggering a boundary-like response that
reorganizes memory encoding around that moment. Thus, PEs may initiate mnemonic
segmentation and enhance the encoding of information surrounding these internal boundaries
(Gershman et al., 2014; Rouhani et al., 2020). Our observation that beneficial effects of PEs on
memory persist (retrospectively) for several seconds additionally supports the assumption that
PEs disrupt the sequential encoding of ongoing events, thereby leading to increased mnemonic
salience for stimuli presented before the PE event and even across trial boundaries. Thus, even
in structured, trial-based learning paradigms, PEs may segment experiences into meaningful
units, broadening the applicability of event segmentation theory to punctuated, rather than

continuous, contexts.
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6.1.2 uPEs affect memory formation prospectively

Interestingly, we present initial evidence for a prospective effect of uPEs on subsequent
memory. In Studies I and II, uPEs not only enhanced memory for events preceding the PE, but
also for events following the PE. How do we reconcile that this prospective enhancement might
appear to conflict with event boundary theory, which postulates that PEs highlight transitions
between discrete memory episodes and may weaken associations across such boundaries
(Gershman et al., 2014; Rouhani et al., 2020)? Specifically, PEs may trigger physiological
arousal and neuromodulatory activity in the amygdala which could then create a brief window
of heightened encoding, during which memory for adjacent stimuli, including those following
the PE, is enhanced (Buchanan, 2007; Cahill & McGaugh, 1995; Mather & Sutherland, 2011).
In this sense, PEs may act as event boundaries while simultaneously inducing a transient boost
in encoding efficiency. These boundaries are also assumed to direct attention to novel
information, resulting in enhanced memory for items situated near the boundary (Gold et al.,
2017; Heusser et al., 2018; Rubinova & Kontogianni, 2023).

Although these prospective PE effects were generally weaker and less consistently
found than retrospective PE effects, they suggest that memory enhancements may extend to
stimuli not directly linked to the PE itself. While the prospective effects of PEs on subsequent
memory could be interpreted as evidence for a transient window of enhanced memory
formation for all stimuli, regardless of their relevance for the PE event, the findings of Study
IV argue against such an unselective mechanism. Instead, the results of Study IV underscore
the specificity of PE-related memory enhancement, demonstrating that it is restricted to
predictive stimuli. Notably, uninformative stimuli not only failed to benefit from this PE-
induced memory-promoting effects but even appeared to interfere with them. This specificity
may be due to the predictive stimuli’s informational value in signaling the outcome which is
absent in uninformative cues but present in (predictive) stimuli following the PE. This suggests
that prospective PE effects on memory depend on the relevance of the stimulus for outcome
prediction, rather than reflecting a general window of enhanced memory encoding.

6.1.3 Dissociation of PE- and arousal effects on memory

Although the observed memory-enhancing effects of PEs partially overlap with arousal-
induced memory modulation they are not fully explained by arousal alone (Rouhani et al.,
2023). In Studies I, II and IV, we demonstrate that the retrospective memory benefits of PEs
persist even after controlling for physiological arousal measured using SCR, respiratory
responses and heart rates, dovetailing with previous evidence that PE effects extend beyond

arousal-based mechanisms (Kalbe & Schwabe, 2020, 2022b). We were not able to replicate this
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effect in Study III where the PE-effect was reduced to a non-significant trend after controlling
for arousal. This attenuation may be related to the varying CS-outcome delay in Study III, which
could have increased the influence of arousal on memory formation superimposing the PE
effects. In contrast, the role of arousal in prospective PE effects remains less clear. While Study
IT showed that memory for stimuli following a PE is still enhanced after controlling for arousal,
this pattern did not reach significance in Study I. Given that prospective PE effects extend
across a longer temporal window including stimuli from the subsequent trial, the maintenance
of the CS-outcome association may weaken over time, increasing the relative contribution of
arousal to enhanced memory. Indeed, recent findings suggest that arousal effects linger in time
to bind episodes in memory, helping to shape the temporal organization of events (Clewett &
McClay, 2024). Thus, our findings suggest that retrospective PE effects reflect a mechanism at
least partially independent of arousal whereas prospective PE-effects appear more susceptible

to arousal-driven influences.

6.2 PE-induced memory enhancement is sensitive to interference

Intriguingly, Study IV demonstrated that the presentation of an uninformative stimulus
between the CS and the outcome, i.e., the PE-event, abolished the PE-induced memory
enhancement for the predictive stimulus, i.e., the CS. This finding suggests that uninformative
stimuli may disrupt the association between the predictive stimulus and the PE, most likely by
interfering with the active maintenance of the predictive stimulus across the delay. Given that
the predictive stimulus needs to be held in working memory until the outcome is revealed, the
presence of an intervening Ul stimulus may overwrite or interfere with this association. This
interpretation aligns with established frameworks of working memory which emphasize its
limited capacity and high susceptibility to interference (Baddeley, 1992; Oberauer, 2002;
Dosher & Ma, 1998).

Yet, the finding that PE-induced memory enhancements persisted across delays of up to
10 s in Studies III and V suggests that temporal decay alone is insufficient to disrupt the PE-
effect on memory. Instead, memory benefits appear robust as long as task-relevant information,
i.e., the CS, can be held in mind without competing interference. Presumably, this finding
indicates that the working memory load in our paradigm remained low when exactly only a
single item had to be maintained, i.e., the CS, thus mitigating the impact of time-based decay.
Such a finding is consistent with theories proposing that working memory is more vulnerable
to interference than to delay, particularly under minimal working memory load (Dosher 1999;

Gresch et al., 2021).
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Hence, the PE-effect appears to be not only exclusively linked to stimuli that bear predictive
value, but is also modulated by their susceptibility to interference or competing information, as
induced by uninformative cues.

To further probe the neural mechanisms underlying this process, Study V used ¢TBS to
inhibit the rSPC, as this area is broadly implicated in cognitive control and working memory
updating (Cabeza et al., 2008; Corbetta et al., 1995; D’Esposito & Postle, 2015; Koenigs et al.,
2009). Interestingly, rSPC inhibition enhanced general memory performance, primarily via a
more conservative response bias, which may reflect altered mnemonic decision processes or
facilitated reactivation of relevant information. Although this finding seems counterintuitive, it
aligns with prior evidence showing that inhibitory stimulation of lateral parietal regions could
enhance associative memory and confidence, presumably by modulating the encoding of new
associations in the HC into memory without altering retrieval processes (Tambini et al., 2018).
In our case, inhibition of the rSPC may have reduced interference from competing stimulus or
outcome representations, thereby supporting a more stable reactivation of the task-relevant
predictive stimulus.

Consistent with this idea, multivariate EEG decoding showed stronger stimulus
reactivation following rSPC inhibition. One might speculate that these findings suggest that PE-
related memory enhancements are supported by the strength and accessibility of task-relevant
memory traces, rather than being directly driven by parietal attentional mechanisms.
Furthermore, these results align with recent neuroimaging findings linking PE-induced
encoding benefits to increased activity in the salience network (Kalbe & Schwabe, 2022b). The
salience network serves a crucial gatekeeping function by evaluating the significance of
incoming information (Schimmelpfennig et al., 2023). Core regions of this network, including
the ACC and the insula, are essential in modulating attention and prioritizing salient information
(Menon & Uddin, 2010; Vogt et al., 1992; Weissman et al., 2005). By dynamically allocating
attentional resources, the salience network presumably facilitates the selection of behaviorally
relevant stimuli and orchestrates neural and behavioral responses. Dysregulation of this system
has been associated with deficits in prioritizing information (Green et al., 2016;
Schimmelpfennig et al., 2023).

Intricately, while rSPC inhibition modulated general memory outcomes, it did not abolish
the PE-induced memory enhancement, indicating that, while cortical modulation can influence
memory selectivity, it is not strictly essential for the occurrence of these effects. Rather, these
effects likely seem to depend on broader neural dynamics including medial temporal and

prefrontal regions, e.g., ventromedial PFC and orbitofrontal cortex, that support the detection
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of expectancy violations and the updating of memory based on behaviorally significant
outcomes (Kalbe & Schwabe, 2022b; Mohring & Glascher, 2023). Thus, Study V extends the
mechanistic understanding of PE effects on memory by providing causal evidence that

cognitive interference and not just attentional filtering can modulate PE-related memory effects.

6.3 Neural states surrounding PEs modulate memory formation

Intriguingly, our behavioral results showed that only stimuli that bear predictive value
boost episodic memory formation, in both a retrospective and a prospective manner. But what
are the neural mechanisms that underly these PE-induced memory modulations? Study V
revealed compelling evidence in favor of the two proposed accounts of PE-induced
retrospective memory enhancement: First, stronger stimulus reactivation following PEs
suggests that salient events may trigger rapid reactivation of the preceding predictive stimulus,
thereby boosting its consolidation. Second, if the predictive stimulus is still active in working
memory when the PE occurs, it may benefit from retroactive stabilization through a tagging

mechanism induced by the PE, i.e., the salient event.

6.3.1 Pre-PE neural states reflect anticipatory processing

Intriguingly, we found evidence that the neural states before the PE, i.e., oscillatory
dynamics and stimulus (category) reactivation, predicted memory changes but we further
revealed that the effects critically depended on the sign of the PE (see Figure 11). Our results
suggest that for positive PEs, i.e., unexpected shocks, stronger pre-PE stimulus reactivation was
linked to impaired memory, presumably due to interference with the highly salient shock that
leads to competing attentional resources at the time of encoding where the salient stimulus
captures attention (Kerzel & Schonhammer, 2013; Mather & Sutherland, 2011). Additionally,
this effect seems to be increased if affective salience, as induced by the aversive shock, is taken
into account (Biggs et al., 2012). This effect was not observed for negative PEs, 1.e., unexpected
shock omissions, likely due to the outcomes’ lower emotional salience. At first glance, this
finding seems to contradict the behavioral tagging account where a memory enhancement
would be postulated for the stimulus preceding a salient event, e.g., a PE (Moncada & Viola,
2007; Moncada et al., 2015). However, this discrepancy may be explained by considering the
neural dynamics surrounding highly salient events. In the case of an unexpected shock, the
attentional and neural resources required to process the sudden, emotionally intense outcome
may interfere with the ongoing maintenance of the preceding stimulus trace, thereby disrupting
its consolidation. In other words, while the shock has the potential to act as a reinforcing salient
tag, its intensity may disrupt the integration of the preceding memory trace unless that trace has

been optimally maintained or encoded in a way that resists interference. It is tempting to
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speculate that the PE may possess the capacity to stabilize prior memory traces while this effect
likely depends on whether attentional resources are sufficiently available to maintain the
stimulus representation before the PE. This interpretation could also propose a limitation of the
behavioral tagging account: The successful stabilization of weak memory traces by salient
events may require not only a temporal overlap but also a balanced attentional resource
allocation.

Beyond stimulus-specific reactivation, our results show that neural oscillatory states
preceding the PE also modulate memory formation depending on the direction of the PE (see
Figure 11). Specifically, for negative PEs, increased alpha and theta activity were associated
with enhanced subsequent memory. This pattern presumably reflects enhanced attentional
engagement and associative binding processes, given that alpha oscillations have been linked
to the suppression of irrelevant information and sustained attention (Bonnefond & Jensen, 2012;
Khader et al., 2010; Payne & Sekuler, 2014), while theta oscillations have been associated with
memory encoding and the binding of contextual associations (Roux et al., 2022; Staudigl &
Hanslmayr, 2013). Contrarily, for positive PEs, enhanced alpha and theta oscillations were
linked to impaired memory, in line with an increased reactivation of the predictive stimulus.
These converging effects suggest that a heightened preparatory neural state may render the
system more vulnerable to interference when a highly salient outcome occurs, i.e., a shock,
consistent with accounts of attentional competition and limited resource allocation (Asgeirsson
& Nieuwenhuis, 2019; Mather & Sutherland, 2011). Together, these findings again indicate
that PE-induced memory modulation is not determined solely by the PE itself but is critically

shaped by the neural state immediately preceding the outcome and its salience.

6.3.2 PE-induced changes in neural dynamics drive memory formation

Beyond the importance of the neural state immediately preceding the PE event, we also
considered the alternative mechanism of PE-induced memory enhancement in which the PE
triggers neural changes that promote the consolidation of preceding stimuli. Intriguingly, PEs
were linked to increased neural stimulus (category) reactivation, dovetailing with evidence
proposing that event boundaries, i.e., the PE event, induce rapid memory reinstatement to
integrate prior information and support memory updating (Sinclair et al., 2021; Sols et al.,
2017). Notably, this effect was dependent on the direction of the PE: Negative
PEs enhanced stimulus reactivation after the outcome, most likely reflecting an adaptive
updating of internal models in response to unexpected safety signals. This interpretation aligns
with prior research showing that omissions of expected aversive outcomes engage mnemonic

and learning-related processes, particularly those associated with model updating, highlighting
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the salience of safety signals in guiding learning and memory adaptation (Iglesias et al., 2013).
In contrast, positive PEs seemed to impair reactivation, presumably due to the attentional
capture elicited by the unexpected shock, which may interrupt ongoing encoding processes
(Biggs et al., 2012; Mather & Sutherland, 2011).

Crucially, however, the observed stimulus reactivation after the PE did not directly
predict subsequent memory performance. This dissociation suggests that a reactivation may not
serve a consolidation function per se, but may instead support online model updating, thereby
enabling the integration of expectancy violations into an evolving internal representation of the
environment (Gershman & Niv, 2010; Sinclair et al., 2021). This interpretation also aligns with
findings from Study III, where PE effects emerged already during encoding, rather than
reflecting offline consolidation. In other words, the PE-induced stimulus reactivation may serve
as a computational mechanism for updating internal models rather than a driver of episodic
memory enhancement, highlighting the complex and functionally distinct roles that reactivation
can play in cognition.

In addition, oscillatory dynamics induced by PEs further support the notion of differential
encoding pathways depending on the direction of the PE: Increased theta activity after negative
PEs was associated with enhanced memory, suggesting a role of theta oscillations in the
consolidation of memories following safety signals (see Figure 11). Theta activity has broadly
been linked to error detection and correction (Kalfaoglu et al., 2018) and is sensitive to the
degree of negative and positive PEs in adapting behavior in reinforcement learning paradigms
(Cavanagh et al., 2010). In this context, increased theta activity following negative PEs may
reflect increased encoding efficiency under surprise, speculatively via suppression of the
default mode network, which might otherwise disrupt effective memory formation (Kalbe &
Schwabe, 2022b; Klimesch, 1999; Kota et al., 2020; White et al., 2013). Furthermore, theta
oscillations may facilitate the binding of item information to its spatiotemporal context,
particularly through interactions within medial temporal structures and hippocampo-cortical
feedback loops (Klimesch, 1999; Hanslmayr et al., 2011; Kota et al., 2020). Notably, this theta-
linked enhancement was absent for positive PEs, emphasizing that distinct neural mechanisms
guide memory modulation for expectancy violations depending on the emotional salience and

attentional capture (Mather & Sutherland, 2011).
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Figure 11

Dynamic states supporting PE-induced memory modulation
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Note. Prediction errors (PEs) boost memory selectively for conditioned stimuli (CS) and act as event
boundaries. (A) Unsigned PEs enhance memory retro- and prospectively (dashed green arrows), while signed
PEs boost memory retrospectively depending on their direction (B). Overall, positive PEs (dashed blue
arrow) enhance memory retrospectively, while negative PEs attenuate memory formation. The neural states
surrounding the PE event, i.e., preparatory and post-outcome state, affect this PE-driven memory modulation
separately. WM = working memory; three dots indicate the start of a new trial. Pictures, i.e., antelope and
bold-cutter, taken from “The Bank of Standardized Stimuli (BOSS), a New Set of 480 Normative Photos of
Objects to Be Used as Visual Stimuli in Cognitive Research” by Brodeur et al. (2010) and from “Introducing
the Open Affective Standardized Image Set (Oasis)” by Kurdi et al. (2016). CC BY 4.0.

6.4 Modulatory role of the rSPC in PE-induced memory enhancements

However, it still remains unclear whether the PE-driven memory enhancement
necessitates these neural maintenance mechanisms. Interestingly, when applying cTBS over the
rSPC as a causal probe, the underlying neural mechanisms of PE-induced memory modulations
appeared to be altered. Specifically, the association between pre-PE alpha and theta oscillatory
activity and subsequent memory was diminished following rSPC inhibition in Study V. This
findings suggests that the rSPC may contribute to preparatory neural states that shape encoding
around surprising events, i.e., a PE, presumably by guiding anticipatory attention and the
maintenance of predictive representations (D’Esposito & Postle, 2015; Koenigs et al., 2009).
At first glance, this disruption of preparatory neural states seems to contradict the observation
that rSPC inhibition was linked to improved memory and enhanced stimulus reactivation after

the PE. One possible interpretation is that the rSPC plays temporally distinct roles across the
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PE window: it may support top-down modulation during the anticipatory phase, i.e., CS-
outcome delay, while its engagement after outcome occurrence could interfere with the
effective reactivation or integration of predictive stimuli, particularly in the face of highly
salient events such as PEs. In this context, rfSPC inhibition might have reduced such
interference, thereby allowing for more effective memory tagging or consolidation processes
after a PE (Moncada et al., 2015). However, this interpretation remains speculative and does
not fully clarify how rSPC inhibition interacts with the PE effect on memory. While the PE-
related memory benefit persisted under rSPC inhibition, its neural underpinnings may have
shifted, perhaps relying on alternative pathways or compensatory mechanisms. Future work is
needed to disentangle how parietal contributions to anticipatory control interact with PE-driven
memory mechanisms, and whether rSPC involvement differentially supports predictive

processing versus outcome-driven memory updating.

6.5 A dynamic framework of PE-induced memory modulation

This thesis proposes a dynamic, mechanistic framework by which PEs related to aversive
events shape episodic memory formation through temporally and functionally distinct cognitive
mechanisms (see Figure 12). Rather than a unitary effect, PE-induced memory modulation
emerges from the interaction of predictive processing, attentional gating and post-encoding
mnemonic updating.

PEs function as computational signals that demarcate event boundaries and facilitate
memory segmentation (Gershman et al., 2014; Rouhani et al., 2020). By violating internal
predictions, PEs reset ongoing encoding processes, thereby increasing the mnemonic
distinctiveness of temporally adjacent events (Sols et al., 2017; Zacks et al., 2007). This
segmentation does not enhance memory indiscriminately but reflects a prioritization
mechanism wherein the relevance, salience and context of the PE determine which elements
are strengthened or suppressed (Bein et al., 2023; Bein & Niv, 2025).

Neural states prior to a PE, particularly oscillatory dynamics in the alpha and theta
bands, reflect the system’s readiness to encode or update expectations. Elevated pre-PE alpha
and theta activity may indicate increased internal attention and active maintenance of predictive
representations. Mechanistically, these oscillations may gate incoming information by
modulating sensory precision or predictive gain (Friston, 2009; Klimesch, 1999, 2012), thus
determining whether a surprising event disrupts or reinforces current memory traces. Crucially,
this gating effect seems valence-sensitive: Negative PEs, i.e., unexpected safety signals, are
more likely to benefit from strong pre-PE engagement, while positive PEs, i.e., unexpected

threats, may override attentional control, leading to interference and poorer encoding (Mather
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& Sutherland, 2011). This dichotomy supports a model in which the emotional salience of the
PE interacts with internal attentional states to determine encoding outcomes (see Figure 11).
PEs also induce rapid reactivation of preceding stimulus representations, consistent with
a memory tagging account (Moncada et al., 2015; Frey & Morris, 1997). However, our findings
suggest that such reactivation does not always correlate with improved memory performance,
implying a functional dissociation. Rather than serving direct consolidation, PE-induced
reactivation may primarily support internal model updating, i.e., retrieving relevant prior
information to revise internal representations (Sinclair et al., 2021). If this process overlaps with
episodic memory encoding, e.g., under conditions of emotional neutrality, it may speculatively
also lead to memory strengthening. Contrarily, if there is a highly salient distraction, as in
positive PEs, reactivation may fail to support consolidation. Theta oscillations observed after
negative PEs further support this notion. They may serve as a mechanism for temporally
binding reactivated stimuli to their new contextual relevance, facilitating adaptive memory
formation (Hanslmayr et al., 2011; Roux et al., 2022). This aligns with reinforcement learning
models where theta oscillations reflect the integration of surprise signals into behavioral

updating (Cavanagh et al., 2010).

Figure 12

Framework of cognitive mechanisms underlying PE effects on memory
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Note. Prediction error-related memory effects arise from a distributed, time-sensitive mechanism, relying on
the coordination of attentional, predictive, and memory systems across distinct stages of event processing.
PE = Prediction error, PFC = prefrontal cortex, ACC = anterior cingulate cortex.
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Together, these findings support a model where memory modulation by PEs results from
(1) coordinated interactions between predictive processing systems (e.g., mPFC, dIPFC) that
generate and update expectations, (ii) attentional gating mechanisms, as indexed by alpha and
theta oscillations regulating access to encoding buffers, (iii) salience detection networks (e.g.,
ACC, insula) that evaluate the relevance of unexpected outcomes and trigger mnemonic
processing and (iv) reactivation circuits (e.g., hippocampo-cortical feedback) that selectively
retrieve prior information to revise current models or support consolidation (see Figure 12).
This integrative view proposes a distributed, temporally-resolved mechanism in which PE
effects on memory depend on the alignment of attentional, predictive, and mnemonic systems
at different stages of event processing. Although this framework is informed by converging
behavioral and EEG findings, the involvement of specific neural circuits remains to be fully
characterized and would benefit from future research using complementary methods (e.g.,

EEG-fMRI, intracranial EEG).

6.6 Methodological considerations and future perspectives

Despite offering a comprehensive framework for understanding the cognitive and neural
dynamics of aversive PE-induced memory modulation, several limitations need to be
considered when interpreting our findings.

Although cTBS allowed us to investigate the causal role of the rfSPC in PE-induced
memory modulations, the interpretation of these inhibitory effects remains complex.
Specifically, applying ¢cTBS does not necessarily imply that the region of interest is inhibited.
Targeting the rSPC cannot rule out downstream or network-level effects, i.e., on the
frontoparietal or salience networks, given that TMS has been shown to potentially also disrupt
processing at distant sites that have not been targeted directly but could still interfere with task
behavior (Siebner et al., 2009). Individual variability in functional anatomy may further limit
stimulation efficacy, although using neuro-navigated TMS helps to mitigate this concern. To
clarify the functional relevance of the rSPC, future studies could incorporate a group in the
experimental design in which excitatory TMS of the rSPC is applied in the experimental design.
Additionally, given that the rSPC seems to be rather involved in attentional mechanisms than
in working memory processes (Study V), we might have forced an attention-biased view on
PEs by stimulating the rSPC. To probe working memory contributions more directly, future
studies might target the dIPFC that is implicated in active maintenance, error monitoring, and
memory updating (D’Esposito & Postle, 2015; Kluen et al., 2019; Pine et al., 2018). However,
stimulation of the dIPFC poses practical challenges, as it can lead to painful sensations on the

forehead and unintended activation of facial nerves. In this context, transcranial direct current
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stimulation may offer a less invasive and more tolerable, thus viable alternative (Woods et al.,
2016). While well-controlled stimuli ensured reproducibility, it limits ecological validity
(Shamay-Tsoory & Mendelsohn, 2019). PE-induced memory modulations may act in a more
nuanced way in naturalistic or emotionally rich environments such as autobiographical memory
or clinical populations that suffer from maladaptive prediction processes, €.g., post-traumatic
stress disorders (PTSD) or anxiety disorders. Incorporating more realistic scenarios would
enhance the translational relevance of expectancy violations in healthy and clinical populations.

Although separately investigating specific mechanisms in the five individual studies of
this thesis helped to isolate PE effects, combining such manipulations in a single paradigm
would provide greater explanatory power. For instance, integrating Ul with variable CS-
outcome delays could help to disentangle effects of attentional filtering versus working memory
mechanisms and clarify their respective roles in PE-based memory modulation.

While the decoding approach in Study using MVPA, enabled us to examine to the
dynamics of the neural patterns underlying PE-induced memory enhancements, its results are
methodologically constrained to category-level effects (Naselaris & Kay, 2015; Treder, 2020),
limiting our ability to detect trial-unique stimuli reactivations. Future studies that
employ simultaneous EEG-fMRI could overcome this limitation by capturing both
the temporal and spatial dynamics of PE-induced memory modulations. Crucially, such
multimodal data can support stimulus-specific analyses on both EEG and fMRI data, enabling
the investigation of memory replay of predictive stimuli and their role in consolidation
processes (see Huang et al., 2024; Tambini & Davachi, 2019).

Building on the current findings, several promising avenues for future research could
further elucidate the mechanisms of PE-induced memory modulations. Interestingly, recent
research has shown that the updating of information in case of expectancy violations depends
on the memory strength of the predictive cue, suggesting that stronger initial encoding can
influence the likelihood and degree of subsequent reactivation (Yu & Davachi, 2025). In the
case of the conducted studies, future approaches could manipulate the strength of the predictive
stimulus to clarify how encoding strength interacts with PE processing and ultimately memory
updating. This might be done by increasing the presentation time of the to-be-encoded pictures
to enhance encoding depth (Craik & Tulving, 1975) or by varying the emotional valence, given
that emotional items are assumed to be better remembered than neutral ones (Cahill &
McGaugh, 1996). Although the PE-induced memory modulations seem to be distinct from MTL
activation which is commonly assumed in memory consolidation and to rely on crosstalk

between including the salience and frontoparietal networks (Alvarez & Squire, 1994; Hermans
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et al., 2014; Kalbe & Schwabe, 2022b), our findings regarding theta oscillations (Study V) and
their impact on PE-effects also point to an involvement of HC-based circuits. Future studies
could test this directly leveraging hippocampal-targeted TMS (Tambini et al., 2018) to probe
the causal role of the HC in memory formation and consolidation following PEs.

More broadly, the PE-induced memory enhancements are assumed to involve
dopaminergic and noradrenergic neuromodulatory systems (Gershman et al., 2024). However,
these mechanisms have not yet been investigated in the context of fear conditioning.
Pharmacological studies, e.g., using noradrenaline or dopamine antagonists, could manipulate
these systems to determine their roles in mediating the PE-related memory fromation.

6.7 Conclusion

Considering the pivotal role of expectancy violations in our daily experiences, this thesis
contributes to an essential understanding of how PEs related to aversive events modulate
episodic memory. When a surprising, aversive event occurs, our studies reveal that memory
can be enhanced for events occurring both before and after the PE, although in a selective
manner. The preparatory cognitive state preceding a PE, reflected in oscillatory alpha and theta
activity, appears to set the stage for these mnemonic shifts, influencing whether perceived
information is prioritized. While top-down attentional control mechanisms, potentially
involving regions like the rSPC (D’Esposito & Postle, 2015), may contribute to this preparatory
regulation, our findings suggest that such control is not strictly necessary for PE-related
memory enhancements. In fact, if this control is inhibited, a counterintuitive effect emerges:
Reactivation of information encoded before the PE is enhanced, while memory performance
improves, indicating that releasing top-down constraints may facilitate memory integration of
surprising events. Across studies, our findings indicate that PEs serve as temporal anchors that
not only tag salient information but also initiate processes of mnemonic updating and
speculatively reshape prior schemas by segmenting experiences (Bein & Niv, 2025).
Oscillatory mechanisms induced by PEs, particularly in the theta band, and their broader
interaction with attentional systems may thus provide the neural infrastructure for this adaptive
flexibility. Collectively, our results advance a mechanistic account of how the brain forms
episodic memory in response to unexpected events. It emphasizes the temporal interplay
between salience detection and interference control, proposing that surprise-induced flexibility
in information processing may be critical for adaptive memory formation. Moreover, the
broader relevance of PEs extends beyond the confines of experimental research. In clinical
settings, expectancy violations are central to the mechanisms underlying exposure-based

therapies (Pittig et al., 2023), which are widely used in the treatment of fear-related disorders,
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anxiety disorders and PTSD. These therapies aim to weaken maladaptive associations by
repeatedly confronting individuals with feared stimuli in the absence of the expected negative
outcome, thereby generating PEs that drive learning and emotional updating (Gagné et al.,
2018; Kube et al., 2020; Putica et al., 2022; White et al., 2017; Winkler et al., 2025). By
elucidating the neural and cognitive mechanisms through which PEs shape memory formation,
our work may inform strategies to optimize therapeutic interventions, specifically by targeting

maladaptive prediction processes.
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