Lniversitat
wien

DISSERTATION | DOCTORAL THESIS

Titel | Title
The Hedonic Experience: From Neural Emergence to
Modulation by Ketamine

verfasst von | submitted by

Maximilian Kathofer BSc. MSc

angestrebter akademischer Grad | in partial fulfilment of the requirements for the degree of
Doktor der Naturwissenschaften (Dr.rer.nat.)

Wien | Vienna, 2026

Studienkennzahl lt. Studienblatt | Degree UA 796 605 298
programme code as it appears on the
student record sheet:

Dissertationsgebiet lt. Studienblatt | Field of Psychologie

study as it appears on the student record
sheet:

Betreut von | Supervisor: Mag. Dr. Julia Sophia Crone


Guest





Guest


Guest



Acknowledgement

FUr meine Mama, die immer an mich glaubte.

Fur meine Mama, die mir immer gesagt hat, dass ich alles erreichen kann, was ich will.
Fur meine Mama, die von Anfang an mein groBter Fan war.

Danke, dass du so bist, wie du bist.

Fur meine Familie, die immer fur mich da ist. Im Besonderen fur meine Oma, die immer
Warme und Liebe ausstrahlt. Und natlrlich fur Heinz, den besten Stiefpapa, den man
sich vorstellen kann. Fir meinen Opa, meinen Papa und meine Papaoma.

Pursuing a PhD is a long, interesting journey that is heavily shaped by all the people you
meet along the way. | want to thank Julia for being an amazing supervisor. For investing
so much time and energy, discussing so many weird ideas, and helping me to find my
own way. | also want to thank Kirren and Margot, who made the office life fun and
enjoyable and always made me smile. Furthermore, | want to thank Pedro for welcoming
me to his lab and for his supervision. Also, a heartfelt thank you to Hanna, Fred, Alberto,
George, Daniel, and Alex, who made my stay at Imperial unforgettable. Lastly, | want to
thank the OeAD-GmbH and BMFWF for awarding me the Marietta-Blau fellowship.


Guest



Table of Contents

ADBSTraCt iN ENGLISH...ne ettt et et e et e e e e eanes 5
ADSTIaCT IN GEOIMNAN Luiiiiiiii et ettt e et et ea e eaeteaneaneneatnenseasneaasnsanes 6
[} dfoTo [¥ [} dTo] o H P PR PPPR PP 7
The origin of the hedONiC EXPEIENCE c.iuiviiiiiiii e r e e e eanas 7
Measuring the hedOnNiC EXPEIHENCE ...uniniii it e e e e eenae 8
The neural basis of the hedoniC eXPeriENCe .......vuieiiiiiiiiiiiir e, 9
Modulating the hedOoniC EXPEIIENCE c..uuiuienie it e e e eanenens 12
Open questions and CONtHDULIONS ....iuini i e e e ae e 15
EMPITICALWVOIK. cu et e ettt et e s e e s ae e st senenenensnsnsnsasassanannnns 17
Hedonic Experiences in Response to Visual Imagery....coveveveviiiiiniiiiiincenininenenenenes 17
Acute Negative Effects of Ketamine and Morphology.......ceveveiiiiiiiiiiiiininiiiininenenen, 50
Ketamine’s Prohedonic Effects Across Reward Processing Stages......ccccvevevvenininnen.n. 63
Hedonic Experiences and Multivariate Neural Information Processing..........cc.ccc....... 98
GeNEral DiSCUSSION euiiiiiiiieei ettt et et et et et et ea e e e et saneaneeaeanenennan 141
(67014 [¢] (U E] o] o IRPR PP PP P PP P PTPPPRIN 152

IR A = | (] = 154


Guest



Abstract in English

Effective reward processing is vital for all living organisms, ensuring that basic needs are
met and providing the foundation for motivation, learning, and goal-directed behavior.
Despite decades of extensive interdisciplinary efforts, critical gaps remain in our
understanding of the neural mechanisms that govern reward and how they can be
effectively modulated. This thesis focuses on the hedonic experience, the
consummatory component of reward, and seeks to meaningfully contribute to an
advanced understanding of its neural emergence, its encoding in the brain, the
multivariate information dynamics underlying peak hedonic states, and its modulation
by the prohedonic agent ketamine.

Recognizing that hedonic experience is multifaceted, spanning dimensions beyond
valence such as experiences of beauty and being emotionally moved, this thesis
integrates traditional reward paradigms with neuroaesthetic methods to provide a richer
account of the consummatory phase of reward processing. Thereby, the four studies
presented within this thesis deploy a diverse set of hedonic stimuli, including paintings,
music, money, and faces, across visual, auditory, and imagery conditions and leverage
complementary multivariate analytic approaches to illuminate the neural dynamics
underlying hedonic experience and their modulation by ketamine. Fundamentally, the
empirical work addresses four key questions: 1) does hedonic experience necessitate
direct sensory input; 2) how is the hedonic experience encoded across stimulation
modalities; 3) what multivariate neural information dynamics underlie hedonic states;
and 4) how are these processes, behaviorally and neurally, modulated by ketamine to
facilitate its prohedonic effects? Together, the findings provide a crucial stepping stone
for future research on the mechanisms of reward, shed light on ketamine’s elusive
mechanism of action, and contribute to a more comprehensive understanding of the
neural basis of hedonic experience.



Abstractin German

Belohnungsverarbeitung ist fur alle Lebewesen von zentraler Bedeutung, da sie die
Grundlage fur Motivation, Lernen und zielgerichtetes Verhalten bildet. Trotz
jahrzehntelanger intensiver interdisziplindrer Forschung bestehen weiterhin kritische
Wissenslucken hinsichtlich der neuronalen Mechanismen, die Belohnung steuern, und
ihrer wirksamen Modulierbarkeit. Ziel dieser Dissertation ist es, die hedonische
Erfahrung umfassend zu beleuchten: ihren neuronalen Ursprung, die Muster ihrer
neuronalen Kodierung, sowie die multivariaten Informationsdynamiken, die ihr zugrunde
liegen. Darlber hinaus werden die neuromodulatorischen Effekte charakterisiert, die
den prohedonischen Wirkungen des Medikaments Ketamin zugrunde liegen kénnten.

Da die hedonische Erfahrung ein multidimensionales Konstrukt ist, das Uber Valenz
hinaus Dimensionen wie Schdonheit und emotionales Bewegtsein umfasst, integriert
diese Arbeit traditionelle Belohnungsparadigmen mit neuroasthetischen Methoden, um
ein ganzheitlicheres Verstandnis der hedonischen Erfahrung zu ermaéglichen. Die vier in
dieser Dissertation prasentierten Studien setzen hierzu ein breites Spektrum
hedonischer Stimuli, darunter Gemalde, Musik, Geld und Fotos von Gesichtern, Uber
visuelle, auditive und imaginare Bedingungen hinweg ein und nutzen multivariate
Analyseanséatze, um die neuronalen Dynamiken des hedonischen Erlebens und deren
Modulation durch Ketamin zu beleuchten. Dabei liefert diese Dissertation wichtige
Einblicke in folgende Schlusselfragen: 1) Erfordert das hedonische Erleben einen
direkten sensorischen Input? 2) Wie wird die hedonische Erfahrung Gber verschiedene
Stimulationsmodalitaten hinweg kodiert? 3) Welche multivariaten neuronalen
Informationsdynamiken liegen hedonischen Erfahrungen zugrunde? 4) Wie werden diese
Prozesse, behavioral und neuronal, durch Ketamin moduliert? Zusammengenommen
liefern die Befunde einen entscheidenden Ausgangspunkt fur zuklinftige Forschung zu
den Mechanismen der Belohnungsverarbeitung, geben Aufschluss Uber den schwer
fassbaren Wirkmechanismus von Ketamin und tragen zu einem umfassenderen
Verstandnis der neuronalen Grundlagen des hedonischen Erlebens bei.



Introduction

The evolutionary significance of reward processing lies in ensuring that organisms fulfill
their most basic needs, including foraging, reproduction, and seeking shelter (Berridge &
Kringelbach, 2008). More generally, reward processing guides goal-directed behavior
(Grace et al., 2007) and forms the foundation for motivation, learning, and decision-
making (Dayan & Balleine, 2002; Rushworth et al., 2011). While lay intuition often treats
reward processing as a single coherent process, reward processing is in fact commonly
divided into three distinct phases (Berridge et al., 2009; Pool et al., 2016): 1) an
anticipatory phase, reflecting wanting or motivation when a potential reward is signaled;
2) a consummatory phase, reflecting liking or the hedonic experience when the reward is
received; and 3) a learning or evaluation phase, in which outcomes generate prediction
errors that adjust future expectations and behavior. Likewise, hedonic experience is
often reduced to pure valence, the liking or disliking of a stimulus, yet it is a multifaceted
construct that encompasses complementary affective experiences as well, such as
experiences of beauty or feeling emotionally moved (Becker et al., 2019; Pelowski et al.,
2017). As the core building block of reward processing, the hedonic experience is a
central focus across numerous disciplines, spanning a wide range of scales and
perspectives, from flies seeking food (Barron et al., 2010) to humans deriving joy from
music (Vuust et al., 2022). Similarly, understanding the basis of altered or aberrant
reward processing is also of considerable interest, as it is closely associated with
dysfunctional behavior. Focusing on humans, the diminished experience of pleasure,
clinically referred to as anhedonia, is not only one of the two hallmark symptoms of
depression (American Psychiatric Association, 2013) but also significantly affected in a
broad spectrum of psychiatric disorders (Destoop et al., 2019; Remer Thomsen et al.,
2015; Trastheim et al., 2020). Moreover, with rates of depressive and anhedonic
symptoms surging in the general population, this phenomenon presents a significant
challenge to mental health and poses an increasing economic burden (Abbott, 2021).
Thus, considerable interdisciplinary effort is being devoted to understanding how
hedonic experiences are elicited, how they emerge within neural circuits, and how they
can be effectively modulated to advance clinical interventions and improve treatment
outcomes.

The origin of the hedonic experience

From the very beginning, philosophers and scientists alike have pondered the origins of
the hedonic experience, questioning what truly elicits it (Peacocke, 2024). Are things
inherently rewarding by themselves, independent of any mental modulation, or does the
hedonic experience emerge as an interplay between external stimulation and internal
mental processes? Rather than being a simple either-or scenario, evidence suggests a
continuum, where hedonic experiences can range from being almost entirely tied to the
external properties of a stimulus (Kelleher & Gollub, 1962), requiring little to no cognitive



involvement, to being heavily shaped by complex internal mental processes (Leder et
al., 2004).

On one end of the spectrum lie so-called primary reinforcers, as studied in the field of
conditioning research, such as food or water (Dayan & Balleine, 2002). These are
inherently rewarding because they are directly tied to the biological needs of an
organism and are thought to require no significant higher-order mental activity to elicit a
hedonic response. For instance, when an organism is on the verge of starvation, food
always evokes a potent reward response, irrespective of food preference, social norms,
or moral considerations (MacClancy et al., 2007). While these reinforcers are potent and
can effectively guide learning behavior, their effectiveness is not absolute and also
context dependent, as repeated exposure, i.e., eating the same food over and over
again, leads to habituation, reducing the ability of these stimuli to motivate organisms
(Murphy et al., 2003).

In contrast to these most elementary stimuli, secondary reinforcers, such as money, are
not intrinsically rewarding but acquire their value through associations, making them
more dependent on internal processes, including learning and memory (Kelleher &
Gollub, 1962). Even further along this spectrum are the arts, including visual art and
music. While hedonic responses to art are influenced by the properties of the artworks
themselves, such as color (Palmer et al., 2013; Schloss & Palmer, 2011) and form (Sun &
Firestone, 2022), they are not merely the product of these external features. Research
has shown that evoked hedonic experiences are also profoundly shaped by cognitive
factors, including perceived meaningfulness (Trupp et al., 2023) and ongoing thought
processes (Brielmann & Pelli, 2017). Furthermore, contextual factors such as knowledge
about the artist, their life, and the cultural or historical significance of the work quite
significantly influence hedonic experiences (Darda & Chatterjee, 2023; Redies, 2015;
Szubielska et al., 2021). Together, these findings highlight that higher-order mental
processes can substantially shape hedonic experiences. This, in turn, raises the
question: if some hedonic experiences depend almost entirely on the properties of the
external stimulation, can some also arise solely from internal thought processes?
Though, whether rewarding experiences always necessitate external stimulation or
whether they can be elicited purely by internal mental processes remains an open
question that has yet to be confirmed.

Measuring the hedonic experience

Over the past decades, a plethora of studies have examined reward processing across a
wide range of stimuli, including food (Kringelbach, 2015), social approval (He et al.,
2019), visual art (Ishizu & Zeki, n.d.; Tiihonen et al., 2017), music (Ali Diez et al., 2024;
Ishizu & Zeki, 2011), and even poetry (Margulis et al., 2017). However, monetary rewards
are among the most used and extensively studied stimuli, especially in economics (e.g.



see Gabay et al., 2014; Heinrich & Marschke, 2010; Sigmund et al., 2001), largely
because they are universally valued and easily delivered.

In this context, the monetary incentive delay (MID) task has become a standard
paradigm in neuroimaging for dissecting the phases of reward processing. Although
many variations of the MID task exist (Hanewald et al., 2023; Vel Tromp et al., 2025),
they all share the same core structure as in the original implementation (Knutson et al.,
2000). First, cues indicate whether money can be won or lost, enabling the
measurement of anticipatory reward processing. Next, participants need to quickly
respond to a target, and if they succeed, feedback indicates whether the reward is
received or the punishmentis avoided, capturing the consummatory component of
reward. In this way, the MID examines hedonic responses to positive outcomes while
also illuminating neural responses to punishment and negative valence. Since its
introduction, the MID has been used to probe the neural correlates of anticipatory and
consummatory reward processing of both healthy and diseased populations (Oldham et
al., 2018; Wilson et al., 2018) and has thereby revealed stage-specific alterations in
activation profiles across various clinical populations (Balodis & Potenza, 2015; Eshel &
Roiser, 2010; Lutz & Widmer, 2014; Zeng et al., 2022).

Although proven useful for differentiating stages in reward processing (Lutz & Widmer,
2014), itis questionable whether winning small amounts of money truly induces intense
hedonic experiences. Consistent with this, sex, nature, and the arts — not money — are
commonly considered the domains of highest pleasure (Maslow, 1971; Privette, 1983).
In this regard, listening to music is not only a common tool for everyday emotion
regulation but also reliably evokes intense pleasurable experiences (Vuust et al., 2022),
sometimes even triggering physiological markers of peak hedonic responses such as
piloerection (chills) (Vuust & Kringelbach, 2010). How such strong reward responses
arise from music and art more generally, and whether they engage the same neural
circuits as basic rewards, such as food, is a focus within the field of neuroaesthetics.
Expanding beyond traditional reward components like wanting and liking,
neuroaesthetics also investigates closely related emotions, commonly referred to as
aesthetic experiences, such as judgments of beauty (Brielmann et al., 2017, 2017),
experiences of awe (Arcangeli et al., 2020), and the feeling of being moved
(Menninghaus et al., 2015). While these constructs are not pure reward measures
(valence), their theoretical and neural dependence on common reward processes is
substantial (Pelowski et al., 2017). Thus, by incorporating these aesthetic constructs
and leveraging self-selected, personally meaningful stimuli, i.e., a person’s favorite
song, neuroaesthetics offers a more nuanced framework for mapping the full range of
the hedonic experience, from its absence to peak pleasure.

The neural basis of the hedonic experience

The hedonic experience is not attributable to any one specific brain region alone but
emerges from the coordinated interplay of various cortical and subcortical structures.



This so-called reward network classically includes the ventral tegmental area (VTA), the
nucleus accumbens (NAc), and the medial prefrontal cortex (mPFC), yet also receives
additional contributions from the orbitofrontal cortex (OFC), anterior cingulate cortex,
amygdala, and hippocampus, among others (Hoflich et al., 2019). Within this
mesocorticolimbic network, nodes show relative, though not exclusive, tuning to
distinct stages of reward processing: the OFC is thought to mainly support anticipatory
processing (Kahnt et al., 2010; Kringelbach, 2005); distinct subnuclei of the NAc are
engaged during reward anticipation and consumption (Castro et al., 2015; G. Chen et
al., 2023), and the amygdala, generally associated with emotion and salience (Frank et
al., 2014), contributes to valuation by encoding expected stimulus value and integrating
anticipated effort costs (Johnson & Grabenhorst, 2025; Wassum, 2022).

Canonically, the dopaminergic system is associated with reward processing, a historical
emphasis likely driven by the observed dense dopaminergic pathways connecting core
nodes of the mesocorticolimbic circuit (Berridge & Kringelbach, 2008). Although
converging evidence across animals (Ferenczi et al., 2016; Schultz, 2024) and humans
(Ashok et al., 2017) indicates that intact dopaminergic signaling is essential for reward
processing and that disruptions are associated with anhedonic behavior (Belujon &
Grace, 2017; Cousins et al., 2009; Dunlop & Nemeroff, 2007; Lambert et al., 2000), the
view of dopamine as the sole mediator of reward has shifted. More specifically, the
notion that dopamine encodes pleasure, the consummatory aspect of reward, has long
been challenged, as dopaminergic activity more reliably tracks predictive and
motivational processes rather than the liking of a stimulus per se (Schultz, 2002). Thus,
in recent decades, a more nuanced picture has emerged in which multiple
neurotransmitter systems contribute to reward processing, with dopamine primarily
subserving anticipation and motivation, opioidergic and serotonergic circuits supporting
consummatory pleasure and affective valuation, and glutamatergic and GABAergic
inputs further shaping complex neural reward dynamics (Russo & Nestler, 2013; Sesack
& Grace, 2010). Importantly, these functions are not exclusive but overlap across
neurotransmitter systems, as biological systems are rarely that simple.

Especially in humans, functional magnetic resonance imaging (fMRI) has been widely
used to non-invasively assess which macroscopic neural structures are involved in
reward processing and at which stages (Luijten et al., 2017; Sescousse et al., 2013;
Wilson et al., 2018). Traditionally, fMRI studies rely on mass-univariate analyses that test
whether a voxel, a 3D recording unit of brain activity, shows greater activation in a
manipulation condition than in a baseline. This approach treats voxels independently
and is powerful for detecting mean amplitude differences. However, mass-univariate
methods are less sensitive when information is distributed across several voxels, for
instance, when some voxels within a region of interest encode reward magnitude while
others encode preference, producing distinct patterns rather than uniform changes
(Davis et al., 2014). To capture such multidimensional distributed representations,
multivoxel pattern analysis (MVPA) aggregates information across voxels to decode
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conditions or psychological dimensions from collective spatial patterns of activity
(Haxby et al., 2001). Fundamentally, MVPA enables the decoding of neural information
thatis heterogeneously distributed across voxels and participants (Haxby, 2012), and it
has substantially reshaped our understanding of the neural substrates of reward. Since
its inception, MVPA has not only corroborated the involvement of canonical reward hubs
identified by univariate analyses but also revealed that the same neural populations can
express distinct activation patterns depending on the presented stimulus and
processing stage (Kahnt, 2018). Furthermore, unlike univariate analyses, MVPA showed
that reinforcement signals related to task outcomes can be decoded from almost the
entire brain, not just from the few regions associated with the reward network, vastly
expanding our view of reward processing in the brain (Ramayya et al., 2015; Vickery et
al., 2011).

While MVPA is a powerful tool for examining whether information about cognitive
processes can be decoded from brain activity, representational similarity analysis (RSA),
in contrast, enables the straightforward testing of theory-derived encoding models and
identification of the specific stimulus’ properties represented within a given region
(Popal et al., 2019). By comparing the geometry of the dissimilarity patterns associated
with evoked neural responses across stimulus feature dimensions, RSA provides a more
fine-grained understanding of how neural communities encode high-dimensional
feature spaces (Diedrichsen & Kriegeskorte, 2017; Kriegeskorte & Douglas, 2019). In this
regard, a recent study by Yan and colleagues (2016) tested various models of
anticipatory and consummatory reward processing in the OFC, showing that the OFC
encodes stimulus value during anticipation and reward magnitude during consumption,
while ruling out encoding of outcome favorability in the OFC. This highlights RSA’s
potential to systematically test theory-derived models synthesized from the extensive
reward literature, thereby advancing our fundamental understanding of how particular
regions facilitate reward processing.

Yet, hedonic experiences do not arise from a static instantaneous process but rather
emerge from the dynamic multivariate integration of neural information over time, as all
cognitive processes do. Characterizing these multivariate information dynamics is,
however, extremely challenging, made possible only by recent advancements in
information theory (Barrett & Seth, 2011; Mediano et al., 2022; Rosas et al., 2019;
Timme et al., 2014; Williams & Beer, 2010). Synergy and redundancy, two
complementary forms of integration, provide valuable insights into these higher-order
dynamics. Whereas synergistic information emerges exclusively from the joint
interaction of multiple brain regions, redundancy refers to information being present
simultaneously across multiple regions. As a result, synergy is fragile, disrupting even a
single node can degrade it, while redundancy provides robustness to perturbation,
albeit at the computational cost of having to represent the same information across
multiple nodes of a system. Nonetheless, both forms of information dynamics have
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been shown to be crucial for cognition and behavior (Kocillari et al., 2023a; Varley,
Sporns, et al., 2023a).

A useful global measure of the balance between these two information dynamics is O-
information (Rosas et al., 2019). Although it does not explicitly separate synergy and
redundancy, it captures their net balance and reveals the dominant mode of
multivariate interdependence, indicating whether a system relies primarily on
synergistic emergent information processing or on robust collaborative redundant
information sharing. In contrast, the evolution of such dynamics across time is often
quantified using whole-minus-sum integrated information (WMS) (Barrett & Seth, 2011).
Fundamentally, WMS assesses whether temporally synergistic processes and pure
information transfer across regions outweigh the persistence of shared redundant
information over time (Mediano et al., 2021). In addition, integrated information
decomposition now even makes it possible to isolate these distinct multivariate
information dynamics, i.e., pure synergistic, transfer, or redundant processes, providing
an unprecedented view into a system’s most elementary integration dynamics (Mediano
et al., 2021; Williams & Beer, 2010). Since hedonic experiences depend on integrating
information about external stimulus features with internal cognitive processes across
widespread neural networks, multivariate information-theoretic tools are especially well
suited to characterize such dynamics. Collectively, these novel higher-order information
measures provide a unique opportunity to systematically examine, for the first time, the
neural information-integration dynamics underlying reward processing and to illuminate
the intricate multivariate processes that give rise to the hedonic experience.

Modulating the hedonic experience

Effectively modulating dysfunctional reward processing is particularly important in the
clinical context, as anhedonia is a prevalent symptom across various psychiatric
disorders (Destoop et al., 2019; Remer Thomsen et al., 2015; Trgstheim et al., 2020).
Anhedonia has been consistently linked to poorer treatment outcomes, prompting
increased interest in recent years in targeting specifically anhedonic symptoms in
clinical populations as a means to enhance prognosis (Crits-Christoph et al., 2018;
Garfield et al., 2013; Luca et al., 2024; Vrieze et al., 2014; Wong et al., 2024). Despite
this growing focus, alleviating anhedonia has proven challenging as many commonly
prescribed antidepressants, including serotonin reuptake inhibitors and tricyclic
antidepressants, often fail to effectively address anhedonic symptoms and, in some
cases, even exacerbate them (Cao et al., 2019; Craske et al., 2016; Price et al., 2009).

Consequently, the discovery of ketamine's rapid-acting antidepressant and especially
antianhedonic (prohedonic) properties has garnered considerable attention as it
represents a potential breakthrough in the treatment of this debilitating condition
(Krystal et al., 2019). Originally developed as an anesthetic, ketamine, most notably
known for its N-methyl-D-aspartate receptor antagonism, induces an altered state of
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conscioushess when administered at subanesthetic dose. Remarkably, even patients
with former treatment-resistant depression report rapid mood improvements following
ketamine administration at this dose (Bahji et al., 2021). Thus, unlike traditional
antidepressants, which often require weeks to exert their therapeutic effects (Boku et
al., 2018), ketamine not only effectively alleviates both depressive and anhedonic
symptoms but does so within hours (Lally et al., 2014).

While an ever-growing body of research underscores ketamine's effectiveness in
ameliorating anhedonic symptoms (Nikolin et al., 2023), its precise mechanism of
action remains elusive. Several molecular pathways have been proposed to underlie its
prohedonic effects, with most theories converging on the general idea that ketamine's
therapeutic benefits are tied to its neuroplastic properties (for a review see Zanos &
Gould, 2018). In essence, neuroplasticity enables the brain to adapt dynamically to
changing demands caused by new experiences or trauma, either by rerouting impaired
neural signaling through alternative pathways (functional neuroplasticity) or by
physically forming new synapses (structural neuroplasticity) to accommodate shifting
demands. Recent seminal work in mice has, for the first time, causally linked ketamine’s
therapeutic effects to its neuroplastic properties (Moda-Sava et al., 2019). The study
demonstrated that chronic stress leads to the loss of dendritic spines, impairing
functional connectivity, which is accompanied by overt depressive behavior. Following
ketamine treatment, neural signaling is restored to healthy, pre-disease levels,
indicating a reactivation of impaired functional pathways. This phase of functional
neuroplasticity is followed by synaptogenesis, during which ketamine facilitates the
formation of new dendritic spines to sustain the long-term effects initiated by the
functional improvements. This process effectively prolongs the therapeutic effects,
extending their impact well beyond the drug’s metabolism. Crucially, when these newly
formed dendrites are destroyed, the animals revert to depressive behaviors, providing
causal evidence that ketamine’s therapeutic effects are intrinsically linked to its
neuroplastic properties. Together, their data suggests that ketamine exerts its
therapeutic effects by first inducing widespread functional neuroplasticity, which serves
as a critical initial step. This functional reorganization then drives the induction of
structural plasticity, ensuring the brain can adapt and sustain the new demands arising
from these functional changes.

Yet, ketamine is not a miracle drug. Firstly, not all patients benefit from ketamine to the
same extent, with responses varying from complete remission to only modest transient
improvements (Alnefeesi et al., 2022; Becker et al., 2019; Nikolin et al., 2023). This
considerable heterogeneity has motivated research into interindividual predictors of
treatment response, including variations in the phenomenological experience evoked
during ketamine administration. While it remains debated whether ketamine’s
psychomimetic effects are necessary for its therapeutic benefit (Ballard & Zarate, 2020;
Grabski et al., 2020), emerging evidence indicates that more positive acute experiences,
such as awe (Aepfelbacher et al., 2024) and happiness (M.-H. Chen et al., 2020), are
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associated with better treatment outcomes. Conversely, ketamine can also induce
acute anxiety, nausea, and dizziness (Ceban et al., 2021). These adverse effects not only
increase discontinuation rates, but the intensity of induced anxious states in particular
has been strongly associated with blunted treatment responses (Aust et al., 2019). Thus,
to advance personalized care and optimize treatment outcomes, more basic research is
required to determine whether specific neural predispositions, such as the morphology
of specific brain areas, might predict vulnerability to ketamine-induced anxiety.
Successfully identifying such pre-treatment factors could inform more targeted
interventions in the long run, avoiding the exposure of vulnerable patients to suboptimal
or potentially contraindicated treatments.

Secondly, ketamine’s therapeutic effects are typically short-lived, subsiding after
roughly 7 days (Lapidus et al., 2014; Zarate et al., 2006). As a result, significant effort is
being dedicated to exploring ways to extend ketamine’s therapeutic benefits, including
repeated administration (Kryst et al., 2020), combining it with psychotherapy (Drozdz et
al., 2022), and more experimental approaches currently limited to animal models (Ma et
al., 2025). However, to successfully prolong or even emulate ketamine’s therapeutic
effects, a more thorough understanding of its functional neuroplastic properties, which
underlie its rapid-acting prohedonic effects, is necessary. While studies have
investigated the acute effects of ketamine and its impact 1-10 days post-administration
on neural dynamics (Kotoula et al., 2021; Medeiros et al., 2023), no functional
neuroimaging studies have specifically focused on the subacute effects. This represents
an important knowledge gap, particularly given the prominent conjecture that functional
changes in neural dynamics not only facilitate the rapid-acting prohedonic effects but
also play a causal role in triggering the structural changes that underpin ketamine’s
long-term therapeutic effects. Therefore, to better understand ketamine’s therapeutic
properties and develop urgently needed improved interventions, it is critical to examine
changes in neural dynamics in this subacute stage, roughly four hours after
administration, when psychomimetic effects have already subsided, and therapeutic
effects begin to emerge (Zarate et al., 2006).

In summary, advancing ketamine-based prohedonic treatments requires the
identification of potential predispositions that contribute to response heterogeneity and
delineating ketamine’s neuromodulatory effects during the critical subacute phase,
when psychomimetic effects have already waned and the strong mood improvements
emerge. Crucially, first characterizing these changes in healthy participants would most
likely reveal neural correlates that are free of common clinical confounds, such as
comorbidities and prior pharmacotherapy, providing a vital stepping stone for future
clinical studies in anhedonic patients.
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Open questions and contributions

While prior work in neuroaesthetics clearly demonstrates that hedonic experiences,
including experiences of beauty, pleasure, and awe, are not solely shaped by the
external properties of the stimulation itself and are also significantly modulated by
internal mental processes (Brielmann & Pelli, 2017; Darda & Chatterjee, 2023; Redies,
2015), a key gap remains: Do hedonic experiences fundamentally necessitate direct
sensory input, or can they similarly arise purely from mental processes in the absence of
any external stimulation? Addressing this question, Study 1 (Kathofer, Lamm, et al.,
2025) systematically compares hedonic experiences elicited by biological and culturally
significant stimuli, faces and paintings respectively, across two modalities, visual
perception and visual mental imagery, assessing whether imagery can evoke hedonic
responses of comparable intensity to perception. Beyond testing the necessity of
sensory input, the study leverages RSA to examine how evoked hedonic responses are
neurally represented across stimulus types and modalities, elucidating how the reward
network and its constituent regions encode these experiences.

Shifting the focus to how reward processing can be more effectively modulated, Studies
2-4 examine ketamine’s prohedonic and neuromodulatory effects in healthy
participants across the acute and subacute phase. As aforementioned, emerging
evidence suggests that ketamine’s acute psychomimetic effects are associated with its
therapeutic efficacy (Aepfelbacher et al., 2024; Aust et al., 2019; M.-H. Chen et al.,
2020). However, responses to ketamine dosing are highly heterogeneous, raising the
question of whether biological predispositions, such as structural brain features, are
predictive of these differences in phenomenological experience. Since induced anxiety
during ketamine administration can considerably reduce its beneficial effects (Aust et
al., 2019), Study 2 (Graf et al., 2024) examined whether morphological markers,
specifically amygdala and hypothalamus volumes, predict heightened anxiety during
dosing. Transitioning to the subacute phase, when psychotomimetic effects have
typically waned and prohedonic effects begin to emerge (Zarate et al., 2006), there is a
notable lack of data characterizing ketamine’s neuromodulatory effects in this critical
window. Therefore, Study 3 (Briem et al., 2025) employs the well-established MID task to
determine whether ketamine modulates both anticipatory and consummatory neural
signatures of reward processing, or more selectively influences just one, thereby
advancing our understanding of its mechanisms of action during this vital phase. To
further deepen insight into ketamine’s therapeutic properties, Study 4 (Kathofer,
Mediano, et al., 2025) employs a self-devised hedonic music task using participant-
selected music to elicit a range of hedonic responses, from none to peak pleasure.
Leveraging recent advances in information theory, the study uses both global (O-
Information) and local (WMS) metrics of multivariate information dynamics to
characterize how neural information integration changes with the intensity of hedonic
phenomenology. Similarly focusing on the subacute window, the study specifically tests
whether peak hedonic experiences depend more on synergistic interactions across
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brain regions or on redundant information processes. By modulating individual reward
responses using ketamine’s rapid-acting prohedonic properties, the study further
examines how ketamine reshapes neural information dynamics to facilitate its
beneficial health effects. Thus, Study 4 (Kathofer, Mediano, et al., 2025) offers an
unprecedented glimpse into the multivariate neural information dynamics that underpin
both ketamine’s prohedonic mechanism of action and the hedonic experience.
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Empirical Work

Hedonic Experiences in Response to Visual Imagery

Study 1: Kathofer, M., Lamm, C., Leder, H., & Crone, J. S. (2025). Aesthetic experiences
across visual perception and mental imagery: Behaviorally indistinguishable, neurally
distinct. iScience, 28(6). DOI: 10.1016/j.isci.2025.112588

My contribution

As the first author of this publication, | was heavily involved in all stages of this project. |
personally collected the fMRI data, preprocessed it, proposed the usage of Bayesian
statistics to show that evoked experiences are indistinguishable across visual
perception and strong visual imagery, and devised the analytical approach to deploy
RSA to investigate the extent to which neural signals encode reward information versus
stimulus modality across different levels of resolution within the brain. Finally, | drafted
the manuscript.
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SUMMARY

Studies suggest that vivid mental imagery can blur the boundaries between reality and imagination in simple
detection tasks by eliciting similar neural patterns. The question arises as to whether aesthetic experiences
can similarly emerge through imagery or whether these complex experiences necessitate direct input into the
sensory system. Alternating between visually perceiving and reimagining encountered stimuli, 34 partici-
pants rated faces and artworks across aesthetic dimensions. While slightly less potent, imagery is equally
sufficient in evoking aesthetic experiences, and for highly vivid imaginations, evoked experiences even
become behaviorally indistinguishable across conditions. Yet, representational similarity analysis reveals
distinct neural patterns across conditions as the brain mainly encodes stimulus modality, even in areas
canonically associated with aesthetic processing. Thus, although evoked experiences might be behaviorally
identical across modalities during highly vivid trials, neural patterns differ substantially due to differences in

modality, as evoked experiences are only marginally encoded.

INTRODUCTION

The aesthetic experience is a fundamental human trait that
shows considerable cultural variability.” Deeply rooted within
our sense of pleasure,” neuroaesthetics employs the aesthetic
experience as an umbrella-term for a wide range of cognitive
concepts, emotional states, and their brain responses, encom-
passing nuanced facets, such as beauty, the sublime,® and the
state of being moved.* Yet, despite its crucial role in shaping hu-
man experiences, finding a universal definition of the aesthetic
experience has continuously challenged philosophers, psychol-
ogists, and neuroscientists alike.® At the core of this debate is
whether aesthetic experiences are a quality of the perceived ob-
ject itself or whether they emerge from an internal state reflecting
the complex interplay between the inducing sensory properties
of an object and ongoing internal cognitive processes.®® While
there is prevailing consensus that aesthetic experiences stem
from first-hand encounters, it is also well established that
aesthetic experiences are more than just the mere product of
the directly perceived stimulus properties, and thus, are affected
by factors beyond characteristics of the external sensory stimu-
lation. For instance, peak aesthetic moments, experiences of
awe or chills, are profoundly influenced by cognitive factors
such as meaningfulness'®~'? and ongoing thought processes.”

More direct evidence against the notion that the aesthetic expe-
rience is merely the result of the properties of an external stimu-
lation comes from a study investigating the complexity of the
brain network response to music.'® The more rewarding the mu-
sic was, that is, the higher the aesthetic experience, the less did
the complexity of brain network dynamics match the complexity
of the music. This strongly indicates that the processes underly-
ing the emergence of an aesthetic experience involve more than
just the original stimulation properties. In consequence, the
question arises whether the emergence of an aesthetic experi-
ence even necessitates the immediate external perception of
an object, such as viewing an artwork, or if direct physical input
to the sensory system is merely one of several effective means to
evoke such an experience, with internally generated representa-
tions being equally sufficient. While it may seem intuitive, given
the essential role attributed to subjectivity and cognitive pro-
cesses in aesthetic experiences, the significance of the external
stimulus perception for aesthetic processing has surprisingly
never been evaluated in empirical research. Answering the ques-
tion whether the external perception is necessary and how much
it contributes to an experience, however, has broader implica-
tions for understanding how experiences emerge in general
from the interaction between the external world and the internal
processes of each individual.
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If indeed external stimulation merely acts as a trigger initi-
ating internal, subjective processes which are responsible for
the aesthetic experience or, for that matter, any experience at
all, then mental imagery (the ability to voluntarily represent ob-
jects in the mind in the absence of immediate external stimula-
tion of the sensory system) should also lead to an aesthetic
experience of similar quality. Neuroimaging studies indicate
that visual mental imagery largely recruits brain regions
commonly engaged in visual perception.'* More specifically,
there is a significant overlap of neural activation particularly
within the ventral visual stream between visual mental imagery
and visual perception, with more pronounced similarity of acti-
vation patterns for higher visual areas, yet, nuanced differences
for earlier visual regions.'® This is unsurprising as activation in
these lower-level areas is significantly affected by the level of
detail of the imagined object as well as the vividness of the
mental image itself.'®'° Vividness is defined as the degree of
clarity of the mental image®® and individuals significantly differ
in their ability to represent objects in their mind with some lack-
ing the ability to perform visual mental imagery completely.”'%?
Depending on the imagined content, mental imagery can evoke
both positive and negative affective responses comparable to
those triggered by visual perception,®*2° by similarly recruiting
key emotional and reward-related regions, such as the amyg-
dala and the nucleus accumbens.’®?® Involuntary imagery
even contributes to psychopathological symptoms, most
notably in post-traumatic stress disorder, in which intrusive
flashbacks elicit intense emotional distress and serve as a hall-
mark of the disorder itself.?® Additionally, adverse imagery
contributes to various other clinical conditions,*>*" driving
cravings,®**® and maladaptive behavior.>* Thus, due to its pro-
found impact on affective processing, clinicians leverage tech-
niques such as imagery rescripting® and neurofeedback®® to
fundamentally reshape emotional responses to distressing
mental images and modulate subjective emotional processing
long-term.®”*® Taken together, external sensory stimulation
and mental imagery are deeply intertwined, engaging overlap-
ping brain regions and often producing remarkably similar
phenomenological experiences.

In light of these qualitative and neural similarities, a long-
standing question has centered on the precise mechanism
enabling the brain to reliably distinguish visual perception from
mental imagery. Recently, differences in neural signal strength
emerged as a potential mechanism facilitating this distinction.*°
These findings suggest that if the strength of neural representa-
tions is high enough, vivid mental images might even be
perceived as real. Acknowledging the potency of mental imagery
in shaping our perception, it seems highly plausible that mental
images themselves should also be able to evoke more complex
second-order effects such as aesthetic experiences. Thus, if an
aesthetic experience does not necessitate external sensory
stimulation and if there was no unique contribution of the
external sensory stimulation to shaping the aesthetic experi-
ence, the quality of the aesthetic experience itself should not
substantially differ whether they are sparked by external stimula-
tion or by mental imagery of the same aesthetic stimulus. In this
case, both stimulation modalities (external visual perception and
internal visual mental imagery)—if controlled for vividness—
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should result in phenomenologically very similar subjective
aesthetic experiences.

Lastly, since neural activity in the reward network and more
precisely the nucleus accumbens and the caudate nucleus are
closely associated with aesthetic processing,’®** activity in
these highly specialized areas should primarily reflect the nature
of the aesthetic experience itself. In contrast, in areas such as the
visual cortex, neural patterns are significantly shaped by modal-
ity, even though the neural response to external visual percep-
tion and mental imagery becomes more similar as the vividness
of the mental image increases.'” Thus, if mental imagery can
evoke subjective experiences phenomenologically similar to
those triggered by external stimulation, we expect that these
similarities would be encoded in the neural activity of these high-
ly specialized areas rather than the differences between modal-
ities in which the stimulus was originally perceived.

The present study aimed to provide empirical evidence for the
question of whether the emergence of an aesthetic experience
truly necessitates external sensory stimulation or whether it
can equally arise in its absence, solely triggered through inter-
nally generated images. First, we created an aesthetic task utiliz-
ing a diverse range of both cultural and biological pre-rated stim-
uli—artworks and faces—presented across visual perception
and mental imagery conditions, to examine whether aesthetic
experiences can similarly arise in response to mental imagery
(hypothesis 1 (H1)). Crucially, to capture a broad range of
aesthetic responses, participants rated evoked experiences
across three dimensions; pleasure (which reflects the extent to
which the experience was liked), beauty (a measure closely
linked to pleasure but reliant on cognitive assessment of the
stimulus and its properties?), and being moved (a strong affective
response that can even trigger physiological reactions, such as
chills*¥). In line with our hypothesis, we indeed find that imagery
can elicit the full range of aesthetic experiences similarly to visual
perception, albeit to a lesser extent. Next, we investigated
whether naturally occurring trial-by-trial variability of an individ-
ual’s proficiency to vividly imagine a stimulus'” might influence
evoked responses (H2). We not only show that aesthetic experi-
ences become more similar across modalities dependent on the
clarity of the mental image but also that aesthetic experiences
become virtually indistinguishable across modalities for highly
vivid trials. Lastly, given the suspected similarity of aesthetic ex-
periences across modalities, we reasoned that the neural signal
underlying these experiences should be similar as well (H3).
More specifically, we expected that the dominant stimulus
feature encoded in the neural signal, i.e., modality, type, or expe-
rience, would vary depending on the level of resolution, that is,
whole-brain, reward network, or highly specialized regions within
the reward network, such as the nucleus accumbens and
caudate nucleus. Whereas global neural patterns were expected
to differ significantly across modalities—despite similarities in
the evoked experience —due to the inclusion of primary visual
areas, the ventral and dorsal pathways, neural patterns in highly
specialized regions were predicted to be highly similar, reflecting
shared behavioral responses despite differences in stimulation
modality. Testing several theory-driven models using represen-
tational similarity analysis (RSA), we found that at the global level,
neural patterns exclusively encoded modality differences.
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Figure 1. Aesthetic task
Participants were randomly presented with 40
pictures of representational artworks and faces.

Rating

Vividness | 3x6

First, participants directly viewed the stimulus for
15 s and rated the evoked aesthetic experience
across three scales: pleasure, moving, and
beauty. Next, participants closed their eyes and
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However, as we zoomed into the reward network and its constit-
uents, the neural signal increasingly reflected evoked experi-
ences and stimulus type. Nevertheless, modality differences
remained the dominant factor, contributing twice as much to
the neural signal. Ultimately, this shows that the neural signal still
largely differs across conditions, and despite a highly similar
behavioral experience, does not need to be identical.

RESULTS

Highly vivid imagery elicits indistinguishable aesthetic
experiences from visual perception

To determine whether external sensory perception is necessary
for the emergence of an aesthetic experience (see H1), partici-
pants (N = 34) performed an aesthetic task in which they rated
their subjective aesthetic experience in response to images of
faces and artworks across a visual perception and a mental im-
agery condition (see Figure 1). To assess whether visual percep-
tion is necessary or mental imagery is equally sufficient in elicit-
ing profound aesthetic experiences, we compared the ratings of
evoked experiences across different stimulation modalities
(visual perception and visual mental imagery) for each stimulus
type (faces and artworks). Crucially, to capture a plurality of
aesthetic dimensions, participants rated evoked experiences
across three key facets: pleasure, which reflects the extent to
which a stimulus evokes hedonic experiences; beauty, a mea-
sure closely linked to pleasure but reliant on cognitive assess-
ment of the stimulus and its properties®; and being moved, a
strong affective response that can even trigger physiological re-
actions, such as chills.**

In line with our initial hypothesis that mental imagery is equally
capable of eliciting aesthetic experiences, Bayesian ordinal re-
gressions highlight that visual mental imagery elicits aesthetic
experiences comparable to those evoked by visual perception,
albeit to a lesser extent: moving (Bstang = —0.29 [Clgs: —0.37-
0.21] (see Table S1); beauty (fstang = —0.28 [Clgs: —0.37-0.20])
(see Table S2); pleasure (Bstang = —0.22 [Clgs: —0.31-0.14]

imagined the previously encountered stimulus for
15 s. Lastly, the vividness of the mental image was
assessed as well as the evoked experience in
response to the mental image. Durations are in
seconds.

[see Table S3]). Suspecting that naturally
occurring trial-by-trial fluctuations in
participants’ vividness abilities might
drive these small differences across
stimulation modalities (see H2), we
calculated an absolute similarity score
between aesthetic responses across
modalities. This was done by subtracting each individual rating
in the imagery condition from its visual counterpart, squaring it,
and then adding them together for each stimulus per subject.
This resulted in a vector ranging from 0 (perfect similarity) to
48 (highest observed dissimilarity). Using a Bayesian linear
model, we find a clear negative association between the vivid-
ness of mental images and the dissimilarity of responses
(Bstanag = —0.27 [Clgs: —0.40-0.14] [see Tables S4.1 and S4.2]),
indicating that differences in evoked experiences across mo-
dalities became larger when mental images were less precisely
imagined.

Thus, to substantiate the claim that both stimulation modal-
ites—when controlled for vividness—evoke phenomenologi-
cally equivalent subjective aesthetic experiences, we conducted
a subgroup analysis using only trials with the highest vividness
ratings (6 and 7) for each participant. Across all 3 facets, the
observed differences across stimulation conditions became
exceedingly small, and most importantly, all effect size estimates
now included O as a probable value for the effect size estimates:
moving (Bstanag = —0.14 [Clgs: —0.29 0.01] [see Table S5]); beauty
(Bstana = —0.14 [Clgs: —0.29 0.01] [see Table S6]); pleasure
(Bstana = —0.07 [Clgs: —0.22 0.07] [see Table S7]). Further har-
nessing the advantages of the Bayesian framework, we then
calculated a Bayes Factor for each of these parameters to
assess whether their posterior distribution shifted away or to-
ward a region of effect sizes typically deemed as negligible.
This region traditionally ranges from —0.1 to 0.1,%% as effects
of this size are generally deemed insignificant. For all three
aesthetic facets, we find moderate to strong evidence*’ that
observed effects fall into this range of negligible effect sizes
(BFO1—moving = 4.6; BF01—beauty = 4.7; BF01-pIeasure = 22-7) (See
Figure 2). Given that the detected effect sizes are exceedingly
small and would be typically considered as negligible within
the field of psychology, we conclude that there is no compelling
evidence that visual mental imagery results in meaningfully
different aesthetic experiences compared to visual perception
during highly vivid trials. Thus, when controlled for vividness,
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Figure 2. Bayes Factor analysis for parameter estimates of highly vivid trials
Each plot shows parameter estimates of the ordinal regression. Plots show prior distributions (green) and posterior distributions of the parameter estimate (red)
across all 3 aesthetical facets as well as the range of effect sizes generally considered not meaningful (gray).

evoked aesthetic experiences across stimulation modalities are
largely indistinguishable from each other.

In addition, we used two different types of stimuli to induce an
aesthetic experience; biological stimuli, that is, faces and cul-
tural stimuli, that is, artworks. The results clearly indicate that
faces elicited weaker experiences than representational art-
works across all three facets of aesthetic experience (moving
[Bstana = —0.56 [Clgs: —0.77-0.35]) (see Table S1); beauty (Bstang =
—0.43 [Clgs: —0.71-0.13)) (see Table S2); pleasure (Bstang = —0.82
[Clgs: —1.06-0.58]) (see Table S3), even though we used a pre-
rated set of stimuli for both.

Neural similarity patterns, even in regions within the
reward network, are mainly driven by stimulation
modality

To confirm that the neural patterns encoding the aesthetic
experience are locally restricted within areas specialized in
aesthetic processing while differences in modality are en-
coded more strongly across the entire brain, we performed a
RSA across three levels of resolution; the whole brain; the
reward system as defined by a meta-analytical mask using
Neurosynth“®; and two specific regions of interest (ROIls)
within the striatum, that is, nucleus accumbens and caudate
nucleus. The latter two ROIls were specifically chosen due to
the consistent evidence in the literature that they are robustly
involved in the anticipation as well as processing of aesthetic
experiences.’’™*? Ultimately, this approach enabled us to
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examine a common, implicit assumption; the effect of the
external stimulation on the neural response is strongest at
the whole brain level, while the subtler effects of the aesthetic
experience are mainly encoded in highly specialized areas.
Thus, at the whole brain level, we expected neural patterns
to primarily reflect differences in stimulation modality since
neural patterns would largely involve signals from primary vi-
sual areas and regions of the dorsal and ventral visual stream.
However, when narrowing the focus to the reward network
and even further to its constituents, we expected a shift in
the neural signal to now largely reflect differences in the
evoked aesthetic experience and only to a lesser extent other
stimulus properties. Thus, depending on the level of interest,
we hypothesized that the neural signal would be dominated
by different aspects of the stimulation: at the whole brain, it
would be dominated by differences in stimulation modality
whereas at the more fine-grained level within the reward
network, it would be dominated by differences in the evoked
experiences. To investigate this assumption we used RSA,
which assesses the dissimilarity of neural response patterns
between conditions by creating neural representational
dissimilarity matrices (RDMs) and comparing their similarity
structure to theory-derived predictions about the geometry
of evoked responses.’® To disentangle the influence of
different aspects of the stimulation, such as modality of
perception, stimulus type, and evoked aesthetic experience
(high and low) on the recorded neural patterns, we tested 9
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A) Independent model: predicts that all conditions are maximally dissimilar to each other.

B) Modality model: predicts that conditions across modalities are maximally dissimilar.

C) Experience model: predicts that conditions across elicited aesthetic experiences are maximally dissimilar.
D) Type model: predicts that conditions across stimulus types are maximally dissimilar.

F) Mod|(Exp|Type)/2 model: combines modality, experience, and stimulus type but downweighs experience and type by a factor of 2.
G) Mod|(Exp|Type)/3: combines modality, experience, and stimulus type but downweighs experience and type by a factor of 3.
H) Exp|(Mod|Type)/2: combines modality, experience, and stimulus type but downweighs modality and type by a factor of 2.

(
(
(
(
(E) Mod|Exp|Type model: combines equally the dissimilarity structure of modality, experience, and stimulus type.
(
(
(
(

1) Exp|(Mod|Type)/3: combines modality, experience, and stimulus type but downweighs modality and type by a factor of 3.

candidate models (see Figure 3). These models tested mainly
five assumptions: (1) The neural patterns are completely inde-
pendent of the stimulus properties (independent model). (2)
Evoked neural patterns are solely driven by specific properties
of the stimulus, that is, either by the modality of the stimulus,
the experience the stimulus evoked, or the type of the stimulus
(modality model; experience model; type model). (3) Evoked
neural patterns are equally driven by stimulus properties
(Mod|Exp|Type model). (4) Modality has a stronger influence
on the neural signal compared to other stimulus properties.

Models captured this assumption by downweighing the
influence of evoked experience and type by a factor of 2 or
3 (Mod|(Exp|Type)/2 model; Mod|(Exp|Type)/3 model). (5)
Experience has a stronger influence on the neural signal
compared to other stimulus properties. Models captured this
assumption by downweighing the influence of modality and
type by a factor of 2 or 3 (Exp|(Mod|Type)/2 model; Exp|
(Mod|Type)/3 model). Note that the latter two model types
(4 and 5) were particularly designed to test H3, examining
whether the contribution of stimulus properties to the neural
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Figure 4. Performance of candidate models across brain regions for all participants (n = 30)

(A) Model comparison for whole brain data.
(B) Model comparison for reward network data.
(C) Model comparison for nucleus accumbens data.

(D) Model comparison for caudate nucleus data. Upper panels show across subject averaged neural RDMs. Lower panels show performance of candidate models
across brain regions. Bars show means of whitened cosine similarity between candidate models and neural reference RDMs. Error bars indicate standard error of the
mean (95% Cl over 2000 bootstrap samples). Horizontal lines indicate significant differences in model performances (FDR g < 0.01). Gray dots on top depict significant
differences from the noise ceiling (Bonferroni-corrected for 9 models). White dots at the bottom depict significant differences from 0. See also Table S9.

signal varies across levels of resolution. Specifically, we ex-
pected model type 4 to perform better at the whole-brain level,
while at the level of the reward network and its individual re-
gions, we expected the evoked experience to play a more
dominant role, as captured by model 5. Model performances
were compared against the noise ceiling, which can be intui-
tively thought of as the performance that the true underlying
data-generating model would achieve given the noise in the
data. Thus, models that are indistinguishable from the noise
ceiling can be viewed as adequately specified as they reach
optimal performance. Additionally, at each level of resolution,
we compared performances across models to examine
whether certain models predict observed similarity patterns
better than others. Notably, upon reviewer’s request, we addi-
tionally created a partial model solely combining aesthetic
experience and stimulus type [Exp|Type] to investigate their
combined influence on neural patterns; results are shown in
the Supplemental Material (see Figure S1; Table S8).

As expected, at the whole brain level, the Modality model—pre-
dicting that observed (dis)similarities are solely driven by differ-
ences in stimulation modality (perception vs. imagery)—outper-
formed all other candidate models while also reaching the noise
ceiling, indicating that observed (dis)similarity patterns were
best described by purely taking differences in modality into ac-
count (accuracy: 0.965 [+/— 0.010]) (see Figure 4). While this result
aligns with our initial hypothesis that neural signals at the whole
brain level would primarily encode differences in modality, the
strength of this association is still surprising (for model perfor-
mances see Table S9). Notably, even models that predicted just
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minor contributions from other stimulus properties, e.g., Mod|
(Exp|Type)/3 model, performed significantly worse, underscoring
the overwhelming influence of the difference in modality (percep-
tion vs. imagined) on the neural signal at this level.

Within the reward network, both the Modality model (accu-
racy: 0.801 [+/— 0.024]) and the Mod|(Exp|Type)/3 model (accu-
racy: 0.816 [+/— 0.016]) reached the noise ceiling, indicating that
observed (dis)similarity patterns were still predominantly driven
by differences in modality. Subsequent model comparisons did
not result in a significant difference between the two models.
Thus, despite anticipating a shift in the relative contribution of
stimulus properties to the neural signal in favor of the evoked
aesthetic experience (high vs. low), the signal within the reward
network remains predominantly driven by modality. Even more
striking is that only one of the winning models predicts that
type and aesthetic experience are driving similarity patterns at
this level. This indicates that within the reward network—a
network of areas canonically associated with reward process-
ing—the neural signal continues to be dominated by differences
in modality, while the subjective aesthetic experience contrib-
utes at most 20 percent to the signal.

Focusing more closely on the constituents of the reward
network, that is, zooming even further into the nucleus accumbens
and the caudate nucleus, the Mod|(Exp|Type)/3 model not only
reached the noise ceiling but also outperformed all other models
(nucleus accumbens [accuracy: 0.794 [+/— 0.018])]; caudate nu-
cleus [accuracy: 0.801 [+/— 0.019]). This suggests that as the level
of resolution becomes more fine-grained within the reward
network, neural patterns increasingly reflect the evoked aesthetic
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Figure 5. Subgroup analysis including only highly vivid trials for each participant (n = 11)

(A) Whole brain results exclusively using highly vivid trials.
(B) Reward network results exclusively using highly vivid trials.
(C) Nucleus accumbens results exclusively using highly vivid trials.

(D) Caudate nucleus results exclusively using highly vivid trials. Upper panels show across subject averaged neural RDMs. Lower panels show performance of
candidate models across brain regions. Bars show means of whitened cosine similarity between candidate models and neural reference RDMs. Error bars indicate
standard error of the mean (95% CI over 2000 bootstrap samples). Horizontal lines indicate significant differences in model performances (FDR q < 0.01). Gray dots
indicate significant differences from the noise ceiling (Bonferroni-corrected for 9 models). White dots at the bottom depict significant differences from 0. See also

Table S10.

experience. Yet, contrary to our assumption, modality —not sub-
jective aesthetic experience—remains the primary driving factor
in nucleus accumbens and the caudate nucleus.

Taken together, these results showcase that even within highly
specialized areas canonically associated with aesthetic pro-
cessing neural (dis)similarities are still mainly driven by differ-
ences in modality and only to a much lesser extent by the evoked
experience itself.

To ensure that modality itself, rather than differences in vivid-
ness of the mental image, is driving observed similarity patterns,
we conducted a subgroup analysis using only trials with the
highest vividness ratings (6 and 7). Despite the reduction in
sample size, the results remain largely comparable across the
three levels of resolution (see Figure 5). The modality model
continued to outperform all other models at the whole brain level
(accuracy: 0.972 [+/— 0.005]) (see Table S10). Likewise, models
that predicted stimulus type and experience had a small
but significant impact on observed (dis)similarity patterns
besides stimulus modality, i.e., Mod|(Exp|Type)/2 model and
Mod|(Exp|Type)/3 model, performed exceptionally well within
the reward network and its constituents (Mod|(Exp|Type)/2
model: reward network [accuracy: 0.771 [+/— 0.025]); nucleus
accumbens (accuracy: 0.732 [+/— 0.035]); caudate nucleus (ac-
curacy: 0.721 [+/— 0.028]); Mod|(Exp|Type)/3 model: reward
network (accuracy: 0.787 [+/— 0.029]); nucleus accumbens (ac-
curacy: 0.740 [+/— 0.039)); caudate nucleus (accuracy: 0.721
[+/— 0.034]). While the lower power from using exclusively highly
vivid trials affected variance estimates and in turn model com-
parisons, the overall findings remain largely consistent with the
main analysis. Thus, in light of these similar findings across the
two analyses, it becomes apparent that aesthetic experiences
generally are only marginally encoded in the neural patterns

even within the reward network while the modality, in which
the stimulus is originally perceived in, is dominantly driving neural
dissimilarities across all levels of resolution.

DISCUSSION

This study tested the implicit assumption, prevalent within the field
of neuroaesthetics, whether the aesthetic experience necessi-
tates direct input into the sensory system by examining whether
this complex and profound state could equally arise through
purely internally generated representations. By presenting a
diverse range of pre-rated aesthetic stimuli—artworks and
faces—across sensory perception and mental imagery condi-
tions, our study provides first conclusive, experimental-based ev-
idence that the emergence of an aesthetic experience does not
necessitate external sensory stimulation. The behavioral data
clearly demonstrates that visual mental imagery is sufficient to
elicit very similar aesthetic experiences to those evoked by visual
perception when controlled for vividness. Interestingly, despite
these overwhelming behavioral similarities, the neural signal in
highly specialized areas canonically associated with aesthetic
processing is only minimally driven by the subjective experience
but rather dominated by differences in stimulation modality.
Across all tested facets of the aesthetic experience, visual
perception evoked stronger aesthetic experiences than mental
imagery. Yet, given that vividness plays a crucial role in shaping
mental representations and naturally varies between trials,'” we
suspected that these observed differences are driven by the var-
iations in vividness of the mental images rather than the modality
of presentation. When examining these trial-to-trial changes in
vividness, the data clearly shows that the similarity in aesthetic
ratings—that is, the similarity in subjective experiences—across
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visual perception and mental imagery is significantly affected
by the vividness of the mental image. Thus, as mental represen-
tations more closely mirror those created by external perception,
the resulting aesthetic experiences also become more similar.
Notably, this effect is even present in participants specifically re-
cruited for their average to high vividness abilities, suggesting
that vividness might play a much stronger role in shaping the
aesthetic experience in the general population. However, har-
nessing the advantages of the Bayesian framework, our results
also evidently showed that for trials in which participants were
able to clearly picture the presented stimulus, the two stimulation
modalities elicited identical aesthetic experiences. This is in line
with work by Dijkstra and colleagues who demonstrate that if the
vividness of a mental image crosses a certain threshold, the
induced experience becomes almost indistinguishable from
the one induced by real-world events.*? In that respect, our find-
ings reveal that mental imagery is not only potent enough to
evoke complex second-order effects, such as aesthetic experi-
ences but that these experiences —provided that mental images
are vivid enough—become virtually indistinguishable from those
elicited by visual perception.

Furthermore, using a diverse pool of aesthetic stimuli, the pre-
sent study reveals that aesthetic experiences can reliably be
evoked by a variety of stimulation types, man-made, culturally
significant objects (artworks), and biological stimuli (faces),
both during immediate sensory perception and visual mental im-
agery. However, it appears that man-made objects lead to a
stronger aesthetic experience. This would indeed make sense
given the notion that man-made, culturally significant stimuli
are rich of contextual complexity, which can also particularly ap-
peal to the specific cultural characteristics, expertise, and
learned expectations of the respective viewer.>*° Previous
studies have continuously indicated that the more context and
complex information provided for a stimulus, the higher was the
aesthetic response.®' ™ In addition, prior research has demon-
strated that both shared and individual (idiosyncratic) taste play
a crucial role in shaping an aesthetic experience. However, indi-
vidual taste has a greater potential to elicit strong aesthetic mo-
ments such as awe and being moved. Since aesthetic judgments
of artworks, compared to faces, are significantly more affected
by idiosyncratic taste,®’ it is to be expected that artworks consis-
tently elicited more profound experiences than faces. Nonethe-
less, the aesthetic experience can reliably emerge—indepen-
dently of direct external sensory perception—across a diverse
range of visual stimuli, as our behavioral data unambiguously
demonstrates, even though the type of stimulation has a signifi-
cant influence on the strength of the evoked experience.

Two key implications arise from the results of the RSAs. First,
stimulus modality is clearly driving observed (dis)similarities
across conditions. Among all three levels of resolution, the mo-
dality model, which exclusively assumes modality is driving
observed dissimilarity patterns, performed exceptionally well
compared to other candidate models even reaching the noise
ceiling at the whole brain and reward network level. The noise
ceiling indicates that observed differences were explained just
as accurately by purely considering the conceptual (dis)similar-
ities across direct external sensory perception and visual mental
imagery as they could have been by the underlying true (albeit
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unknown) data-generating model. Even though, we hypothe-
sized that the neural signal would primarily encode differences
in modality at the whole brain level, this basic model outper-
formed even models which were taking only minor contributions
of stimulus type and the aesthetic experience into account. The
fact that this association was also evident in the subgroup anal-
ysis, using exclusively highly vivid trials, suggests that the differ-
ence between visual perception and visual imagery dominates
the neural signal (despite studies showing that similarity of neural
patterns increases with vividness'”:®"). Even though the whole
brain mask included also a variety of regions typically linked to
stimulus recognition (e.g., the ventral visual stream®) and
aesthetic processing (e.g., the reward network®®*?), neither
stimulus type nor the evoked aesthetic experience significantly
influenced the neural signal at this broad level of analysis. But
more surprisingly is the fact that the dominance of modality per-
sists even when zooming into highly specialized areas for reward
processing such as the reward network and the nucleus accum-
bens and caudate nucleus. This is contrary to our hypothesis
(H3) predicting that the neural signal at the whole brain level
would be dominated by modality but that this pattern would
reverse within areas highly specialized in reward processing. In
contrast to this common notion, however, our study revealed
that the neural signal predominantly reflects whether a stimulus
was externally or internally generated—even in areas highly
specialized in aesthetic processing. Taken together, neural pat-
terns across all levels of resolution did quite substantially encode
differences in stimulation modality rather than evoked experi-
ence, despite the finding that behaviorally aesthetic experiences
were indistinguishable across modalities for highly vivid trials.

Second, nonetheless, the more the regions were restrained
to areas associated with aesthetic experiences, the more were
neural (dis)similarity patterns encoding differences in evoked ex-
periences and stimulus type besides changes in stimulus modal-
ity. In other words, within areas closely associated with aesthetic
experiences such as the caudate nucleus and the nucleus accum-
bens, the Mod|(Exp|Type)/3 model, which was taking the experi-
ence and type of stimulus into account (albeit three times less sig-
nificant as modality), not only outperformed all other models but
also reached the noise ceiling indicating that this model perfectly
described the recorded patterns. Focusing on the relative contri-
bution of the subjective experience to the neural signal of about 20
percent, it is remarkable that despite its name, neural patterns
within the reward network only encode evoked experiences to a
quite small extent. The same pattern emerged when further zoom-
ing into the reward network, that is, the nucleus accumbens and
the caudate nucleus—two areas reliably and continuously associ-
ated with aesthetic processing. Hence, although visual mental im-
agery is capable of generating complex and profound aesthetic
experiences almost indistinguishable from those induced by vi-
sual perception, the neural signal underlying these very similar ex-
periences differs substantially between the two modalities.

In conclusion, the present study provides first experimental-
based proof that aesthetic experiences can arise solely through
visual mental imagery without the need of immediate external sen-
sory perception. Even though vividness predicts the similarity be-
tween evoked experiences across modalities, highly vivid and pre-
cise internally generated representations elicit indistinguishable
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experiences from visual perception. Finally, contrary to our initial
hypothesis, peak aesthetic experiences are not dominantly en-
coded in regions primarily associated with aesthetic processing.
Rather, neural patterns are primarily driven by stimulation modality
and only to a marginal extent by stimulus type and aesthetic expe-
rience. Thus, despite the fact that the subjective quality of the
aesthetic experience does not appear to be affected, the stimula-
tion modality provides a unique contribution to its underlying neural
pattern. Taken together, this provides a new perspective on
how the external world and an individual’s internal processes
shape the emergence of experiences, particularly aesthetic
ones. While the modality of stimulation plays a significant role in
how the brain processes information at all levels, the resulting
aesthetic experiences can be remarkably similar, making them
largely independent of the origin of the experience-inducing
stimulus.

Limitations of the study

Despite efforts of the current study to recover unbiased similarity
estimates by distantly spacing stimulus presentations, not all
sources of bias could be fully eliminated. In general, it is advised
to use crossnobis dissimilarity estimates if more than one run is
recorded as they recover similarity structures more accurately.®®
Unfortunately, the subjective nature of the aesthetic task resulted
in a majority of participants having a condition (e.g., a high
aesthetic experience in response to an imagined facial stimulus)
only being present in one run, rendering cross-validated similarity
measures futile. Thus, if peak subjective experiences are of sci-
entific interest, future research needs to balance methodological
constraints with stimulus novelty and feasibility. Nonetheless,
given the high similarity between the results of the complete data-
set and the subset including only trials that had a high vividness
rating, we are confident that the winning theory-derived candi-
date models adequately describe the recorded patterns. Further-
more, we acknowledge that it might have been possible that par-
ticipants retained previously seen visual stimuli in their visual
working memory rather than reimagining them. We deem this
rather unlikely as the two modality conditions were spaced
roughly 23 s apart in which several questions regarding the
evoked aesthetic experience have been assessed. Lastly, a po-
tential limitation of the current design is the possibility that ratings
of the aesthetic experience persisted from the visual perception
to the mental imagery condition. However, given the variability
in ratings—sometimes leading to extremely different behavioral
experiences across modalities—we consider this as unlikely as
well. Nonetheless, future studies might aim to better separate
the rating phases between the two modalities. Achieving this,
would likely require training participants to memorize stimuli
and recall them when cued, making it difficult to examine a large
set of complex, novel, and naturalistic stimuli, as has been imple-
mented in the present study.
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Data and code availability

@ All behavioral data and beta estimates have been deposited at OSF:
https://osf.io/apjud/?view_only=13f6a8e9adbb485385306b7204c31456
and are publicly available as of the date of publication.
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available as of the date of publication.

@ All stimulus materials can be freely downloaded for scientific use.

® Chicago Face database: https://www.chicagofaces.org/.

@ Face Research Lab London Set: https://figshare.com/articles/dataset/
Face_Research_Lab_London_Set/5047666.

® Vienna Art Picture System: https://osf.io/a7xcr/.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

All code, stimuli, beta maps Center for Open Science https://www.cos.io/ https://osf.io/apjud/?view_only=13f6a8e9adbb4
and behavioral data 85385306b7204c31456

Software and algorithms

R 4.4.0 The R Project for Statistical Computing https://www.r-project.org/

MATLAB 2019a Mathworks, Inc, MA, USA https://www.mathworks.com/products/matlab.html
Nipype Gorgolewski et al.®* https://github.com/nipy/nipype

ANTs Advanced Normalization Tools https://github.com/ANTsX/ANTs

FSL Jenkinson et al.®® https:/fsl.fmrib.ox.ac.uk/fsldownloads_registration/
rsatoolbox RSAtoolbox Development Group®® https://rsatoolbox.readthedocs.io/en/stable/
synthstrip Hoopes et al.®” https://surfer.nmr.mgh.harvard.edu/docs/synthstrip/
ICA-AROMA Pruim et al.®® https://github.com/maartenmennes/ICA-AROMA
NeuroSynth Yarkoni et al.*® https://neurosynth.org/

PsychoPy Pierce et al.®® https://www.psychopy.org/

G*Power Faul et al.”® https://www.psychologie.hhu.de/arbeitsgruppen/

allgemeine-psychologie-und-arbeitspsychologie/gpower

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants were recruited at the campus of the University of Vienna and the central Viennese metropolitan area using flyers. To con-
trol for the effects of vividness on the aesthetic experience, participants were preselected using the Vividness of Visual Imagery Ques-
tionnaire (VVIQ)?° to exclude all with low visual imagery abilities. The original VVIQ (see Data S1) is a 16-item self-report questionnaire
assessing the ability to create clear mental images, yet, for screening efficiency and given its unidimensional structure’" in conjunc-
tion with its extremely high internal consistency,’ we only used 8 of its items. Typically, a 32-point cut-off is applied to identify in-
dividuals with extremely low imagery ability, a condition known as aphantasia.”® For our shortened version, we implemented a
more conservative proportional threshold of 25 instead of 16 points to ensure that participants did not exhibit very low imagery abil-
ities. The translation of items into German was implemented by an English teacher and verified by a bilingual researcher. ltems were
adapted to fulfill the University’s gender policy and to improve comprehensibility (see Data S2). To additionally ensure that partici-
pants experience at least average emotional and physiological responses to aesthetic stimuli, we used a slightly adapted version of
the Aesthetic Experience Scale (AES)’* (see Data S3), which measures the frequency and strength of aesthetic experiences. Trans-
lation to German and then back to English was implemented by three native speakers in each language respectively. Slight modifi-
cations were made to tailor questions to entail favorite art domains and frequency of exposure to these domains (see Data S4). Par-
ticipants needed a minimum sum score of 35 on the AES and 25 on the VVIQ to qualify for the study, ensuring the exclusion of
individuals with low aesthetic and imagery capabilities. Since this study was not interested in investigating the effect of vividness
across the whole population, these cut-offs ensured that imagery was vivid and comparisons between modalities were safeguarded
against potential biases stemming from participants’ inability to mentally imagine stimuli, and thus, low ability to have aesthetic ex-
periences in the first place. Additionally, participants had to meet the following inclusion criteria: at least 18 years of age, fluency in
German, right-handedness, MRI compatibility, and normal or corrected to normal vision. Exclusion criteria included history of psy-
chiatric and psychological disorders, medication affecting mood, (possible) pregnancy, and claustrophobia.

One participant was excluded during the study because of previously not declared mood-affecting medication and one other
because of a technical issue terminating the scan session during recording. The final sample consisted of 34 participants (21 females,
1 diverse, 12 males), with a mean age of 23.48 years (SD = 4.01), all of whom provided informed consent. Thirty-two were native
German speakers and the other two participants reported high proficiency in German. The study was approved by the ethics com-
mittee of the University of Vienna (Reference Number: 00636).
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METHOD DETAILS

Procedure

To assess the neural representation of hedonic experiences in response to perception and imagery, participants had to complete an
aesthetic task while functional magnetic resonance imaging (fMRI) data were collected. Commonly in aesthetic research, definitions
of assessed concepts, such as being moved, are not adequately provided as they are assumed to be universally known. This is not
only unwarranted, but an in-house pre-study (data not shown) demonstrated that laypeople differ quite considerably in their defini-
tions of these concepts, which is why we provided clear instructions and definitions of the rating dimensions prior to the aesthetic
task. To further mitigate any semantic misconceptions, participants had to pass comprehension questions assessing their under-
standing of the individual concepts (see Data S5).

Sample size calculation
A-priori sample-size calculations were based on a study with similar design’® for a within-subject main effect of at least Cohen’s d =
0.25 using G*Power’° (alpha: 0.05; power: 0.80).

Stimulus selection

The stimulus set contained both representational artworks and faces as they are the most prevalent stimulation types
used in aesthetic research. Additionally, using these two very distinct types of stimulation enabled us to examine whether our findings
generalize across different types of stimuli, that is, either biologically or culturally significant (man-made).

A pre-study was conducted to maximize the likelihood of face stimuli eliciting strong aesthetic experiences. Seventeen participants
(female: 7; M: 29.7; SD = 11.3) rated a predefined set of 56 faces extracted from the Chicago Face Database,®° the Face Research
London Set,®" and the database of Schacht.®” Using Adobe Photoshop, unnatural color gradings were edited and picture back-
grounds were standardized. Faces were rated along the dimensions: beauty, arousal, valence, aesthetically moving, interest, and
liking. The final set of 20 stimuli (12 male & 8 female faces) was chosen in such a way that half of the set elicited neutral and the other
half maximal aesthetic experiences. We believe that the unbalanced distribution of gender does not affect our research question
since we are not interested in investigating whether faces across gender induce a distinct brain response but rather use these stimuli
to induce an aesthetic experience. The selected stimuli were rated the highest independent of gender and sexuality.

Using the pre-rated “Viennese Art Picture System” database (VAPS),?® which contains 999 artworks of various styles, we extracted
20 highly beautiful and neutral representational paintings. Half of the selected stimuli elicited high mean beauty ratings — usually
above 90 out of 100 points — with low variance while the other half was characterized by ratings below 50. Importantly, even though
this study primarily focuses on the strong aesthetic experience of being moved, artworks were not extracted depending on their mov-
ing ratings from the database since participants initially rating these artworks were not given a sufficient definition of this rather com-
plex concept a priori, and we suspected high interrater variance due to semantical misconception.

40,41,60,76 77-79

Aesthetic task

The final stimulus set consisted of 20 faces and 20 representational artworks, which were split randomly across 4 runs. PsychoPy was
used for stimulus presentation.®® Following a jittered fixation cross (3-5 s), a stimulus was presented for 15 s. Presentation length was
chosen based on results from Belfi and colleagues,”' showing that areas important for reward processing (nucleus accumbens and
caudate nucleus) only respond to aesthetic processing during longer trial durations (5-15 s). Thereafter, participants rated the evoked
experience along the dimensions 1) beauty (“How beautiful was the image”), 2) aesthetically moving (“How aesthetically moving was
the image”), and 3) valence (“How pleasurable was the image”) on a 7-point Likert scale. Given that pleasure and beauty are
commonly assessed aesthetic dimensions, despite a lack of precise definitions in previous studies, we included them to explore
whether induced effects differ across these aesthetic dimensions as well, even though the main focus of this study was the profound
state of being moved. The order of questions was randomized across trials, and participants had 6 s to answer each question. Sub-
sequently, participants were shown a symbol for 5 s which prompted the participants to close their eyes and prepare for the visual
imagery trial, in which they had 15 s to imagine the previously encountered stimulus as vividly as possible. The beginning and end of
this time interval were marked by a sinus tone (1 s), so participants knew when to start imagining and when to open their eyes again.
Participants rated the mental image alongside the dimensions described above as well as its vividness (“How vivid was your mental
image”). Each run lasted approximately 13-14 min.

Due to a technical issue, participants 3-11 were only presented 36 of the 40 stimuli, which alternated randomly between partici-
pants. Furthermore, compared to all other subjects, the task for subjects 1 and 2 was not split in 4 equal runs but 1 and 2 runs, respec-
tively. Due to the subjective nature of the experiment, elicited subjective experiences generally resulted in some of the 8 conditions
being only present in one of the runs, rendering crossnobis similarity estimates futile. Thus, we opted for a priori-defined across-runs
averaged beta estimates and consequently could also use the data of subject 1 and 2 without biasing the estimates.

MRI data acquisition
Each block was recorded in a separate fMRI run. Functional data were acquired on a Siemens MAGNETOM Skyra 3T scanner with a
sequentially increasing multiband 4 sequence (voxel size: 2.2% mm; TR: 0.915 s; TE: 34 ms; FA: 55°, FoV: 210 mm, FoV phase: 100%)
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and a 32-channel head coil. To aid magnetic inhomogeneity correction, field maps were recorded at the end of each session. T1-
weighted structural scans (MPRAGE; voxel size: 0.94% TR: 2.3 s; TE: 2.29 ms; TI: 900 ms; FA: 8°; FoV: 240 mm, FoV phase:
100%) were acquired for each participant.

MRI data preprocessing

Structural

Using nipype,®* T1 scans were bias field corrected using the well-known N4ITK bias field correction algorithm due to its superior per-
formance compared to its predecessor® and its subjective better performance than FSL FAST. Then, the images were brain ex-
tracted using Synthstrip as it outperforms other commonly used algorithms once with the —no-csf flag and once with the flags -
no-csf and -b 2 (since those parameter settings usually yielded the best extractions).®” Results were visually inspected and the
best extractions were chosen for further analysis.

Field maps

Using custom MATLAB®® scripts, magnitude images were reoriented, bias field corrected (N4ITK), brain extracted (Synthstrip), and
eroded, so images only contained brain voxels following FSL recommendations. Phase images were prepared for their use within the
FEAT pipeline using fsl_prepare_fieldmaps.

Functional

Using the FSL FEAT®® pipeline, images were BO-unwarped (FUGUE), realigned to the middle volume (McFLIRT), coregistered to the
structural scan using Boundary Based Registration (BBR) as it is more accurate than other commonly used methods (that is, corre-
lation and mutual information)®® and spatially smoothed using a 6mm FWHM (SUSAN). A 6 mm kernel was chosen since ICA-
AROMA®E is validated with the same settings. Images were registered to MNI 2mm standard space using the default settings of ants-
RegistrationSyN.sh as it outperforms other commonly used nonlinear algorithms.®”%8 To further mitigate potential bias introduced by
artifacts, we used ICA-AROMA in its default settings (non-aggressive) since it is superior to other pipelines in balancing efficiency with
data loss.®® High-pass filtering was performed using fsimaths’ -bptf flag with a sigma of 44.08 (82 s), which corresponds to one full
trial cycle.

Excessive motion

Since the efficiency of ICA-AROMA decreases for high-motion data, we additionally excluded whole datasets based on the recom-
mendations of Parkes et al.?? exceeding a threshold of 0.2 mean framewise displacement (FD), having more than 20% outliers, or a
maximal FD of 5 mm. Based on these criteria, one participant was excluded.

Regions of interest

To confirm that the neural patterns encoding the aesthetic experience are locally restricted within areas specialized in aesthetic pro-
cessing in contrast to differences in modality which are encoded in the neural patterns across the entire brain, we have chosen three
levels of resolution: (1) the whole brain; (2) the whole reward system as defined by a meta-analytical mask using the term ‘reward’ in
Neurosynth*® (https://www.neurosynth.org/analyses/terms/reward/, association test map thresholded at FDR <0.01); (3) two spe-
cific ROls within the striatum, that is, nucleus accumbens and caudate nucleus. These two ROIs were chosen as they are consistently
implicated in the anticipation as well as the processing of aesthetic experiences.®*?

QUANTIFICATION AND STATISTICAL ANALYSIS

Missing data

Except for the 4 missing stimuli for participants 3-11, which alternated randomly between partitions of the whole stimulus set for each
subject, missingness only occurred in dependent variables, i.e., judgments of each evoked experience. Overall, less than 2.6% of
recorded responses were missing (see Figure S2). In general, statistical tests can only detect whether data are missing completely
at random (MCAR), thus not biasing the statistical analysis, or missing at random (MAR), that is, missingness depends on unobserved
variables and consequently might substantially bias estimates. Using the R package mice®® and its mcar function, we found no
conclusive evidence that the data might be MAR as our data were not multivariate normally distributed (Anderson-Darling: median
T =8.10; median p = 0.25), and thus, the Hawkin’s test could not be interpreted. As statistical assessment of MAR is often regarded
suboptimal,®’ we reasoned that missingness might most probably be due to the restricted 6-s time window to answer each question.
Judging from the almost uniform distribution of missing values across response dimensions and no clear patterns emerging between
participants, we did not suspect hidden variables to cause missingness. In summary, we conclude that the missing values were truly
MCAR. In line with the fact that the proportion of missing data remained below the commonly cited 5% threshold,®” we opted for a
complete case analysis, which in this case ensures unbiased estimates.

Hierarchical Bayesian ordinal regression to compare experiences across conditions

To assess whether aesthetic experiences can occur without external sensory stimulation and whether this affects the quality of the
experience (H1), we tested whether ratings of aesthetic experiences differ between stimulation modalities (visual perception & visual
imagery) and stimulation type (face & artwork). We opted for a hierarchical Bayesian ordinal regression using the brms package®
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since it takes both the nestedness and the nonnormal distribution of responses into account. In such cases, it is beneficial to model
Likert-scale data as truly ordinal as studies have shown that modeling Likert-scale responses instead as metric increases both Type 1
and 2 errors and potentially leads to inverted effect sizes.?* Prior to modeling, we assessed which link function [probit, logit, cloglog,
and cauchit] and threshold [flexible and equidistant] fitted our data best by creating null models with a series of possible configura-
tions using the resulting log likelihood of each model as benchmark for model fit. Following the recommendations of Birkner &
Vuorre,®® we used leave-one-out cross-validation to systematically compare potential models containing various combinations of
category-specific effects, included regressors and hierarchical effects. As initially expected, the winning cumulative model with a
probit link function contained regressors for stimulus type (face & artwork) and modality (visual perception & mental imagery), and
random intercepts for both participants (ID) and each stimulus (stimulus_ID) (see Table S11). Weakly informative priors were used
for stimulus type and modality [normal: 0,1]°° and default brms priors for all other parameters [student t: 3,0,2.5]. All reported models
converged and posterior predictive checks assessed adequate data description.

Hierarchical Bayesian linear regression to probe vividness

To assess whether evoked experiences become more similar between stimulation modalities depending on the vividness of the
mental image (H2), we calculated an absolute similarity score between responses across modalities by subtracting each individual
rating in the imagery condition from its visual counterpart, squaring it and then adding them together for each individual stimulus. This
resulted in a vector ranging from 0 (perfect similarity) to 48 (highest observed dissimilarity). The Bayesian linear model used a student
distribution and contained a regressor for vividness and a random intercept for each participant to account for the hierarchical struc-
ture of the data. Parameter estimates were standardized using the parameters package.®’

Region of practical equivalence testing using Bayes Factors

To examine whether evoked aesthetic experiences across stimulation modalities result in equal subjective experiences (H1) - if
controlled for vividness - we performed a region of practical equivalence test using the bayestestR package®® and assessed signif-
icance using the Bayes Factor. The resulting Bayes Factor indicates whether the posterior distribution of a parameter estimate has
shifted away or toward a region of effect sizes [-0.1-0.1] typically considered as negligible.*>*® For this analysis, we only used trials
with the highest vividness ratings (6 and 7), performed hierarchical ordinal Bayesian regressions using the brms package and then
calculated the Bayes Factor for the modality regressor using the bf_rope function of bayestestR. The models included main regres-
sors for stimulus modality and type and random intercepts for each participant and stimulus.

Beta estimates

Here, we focus on the profound emotional state of being moved as the main concept of interest as it describes a deep emotional
response to aesthetic stimuli. To compare high and low aesthetic experiences across the range of different stimulation modalities
and types, we excluded trials with average ratings (4) and then split moving responses into high and low experiences.

First, a standard GLM in FSL was constructed convolving stimulus onsets and durations with a gamma response function to obtain
beta estimates for all task regressors of interest. The GLM contained separate regressors for each unique combination of the three
conditions, that is, experience (high and low), modality (perception and imagery), and type (art and face): high perception art (HPA),
low perception art (LPA), high perception face (HPF), low perception face (LPF), high imagery art (HIA), low imagery art (LIA), high
imagery face (HIF), and low imagery face (LIF). Furthermore, to account for residual variance of the task regressors temporal deriv-
atives were added to the model. Additionally, a separate regressor modeling question blocks and trials with missing values was
added to the GLM. The fMRI time series was pre-whitened within FSL FEAT to account for temporal autocorrelation using an AR
(1) model. Due to the subjective nature of evoked experiences resulting in the absence of certain conditions within specific runs
for a given participant, empty regressors were included in such cases to maintain consistent degrees of freedom across runs.
The resulting run-wise beta maps were averaged for each participant using a fixed-effects model.

Representational similarity analysis

Representational similarity analysis (RSA) enables the investigation of the neural representational structure of a stimulus across mul-
tiple dimensions.®® More specifically, RSA can be used to investigate how and if different aspects of a stimulus such as modality of
perception, stimulus type, and experience are represented within a given neural pattern. To do so, RSA measures how dissimilar neu-
ral response patterns between conditions are by creating neural representational dissimilarity matrices (RDMs) and comparing them
to theory-derived predictions about the geometry of evoked responses.’® Here, we probe 9 candidate models: 1.) Independent
model: conditions are maximal dissimilar to each other, meaning the neural patterns are completely independent from the stimulus
properties; 2.) Modality model: neural similarity patterns are solely driven by differences in modality, meaning that observed patterns
are similar within the same and dissimilar across stimulus modalities regardless of stimulus type and evoked experience (external
sensory perception vs. mental imagery); 3.) Experience model: neural similarity patterns are solely driven by differences in experi-
ence, meaning that observed patterns are similar within the same and dissimilar across evoked experiences regardless of stimulus
modality and type (low vs. high); 4.) Type model: neural similarity patterns are solely driven by differences in stimulus type, meaning
that observed patterns are similar within the same and dissimilar across stimulus type regardless of stimulus modality and evoked
experience (faces vs. artworks); 5.) Mod|Exp|Type: this model is a combination of the three previous models and takes the similarity
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within experience, modality, and type into account, meaning neural patterns are equally driven by modality, experience, and type of
stimulus; 6.) Mod|(Exp|Type)/2 model: This model predicts that the brain primarily encodes the initial modality of a stimulus, as it
needs to track where a stimulus originated from — it still combines modality, type, and experience but reduces the influence of expe-
rience and type on the similarity of neural patterns by half, meaning differences in modality have 2 times more influence on neural
patterns than experience or type; 7.) Mod|(Exp|Type)/3 model: similar to model 6, this model combines the similarity structure of stim-
ulus modality, type, and experience, however, downweighs the latter two contributions by a factor of 3, meaning differences in mo-
dality have 3 times more influence on neural patterns than differences in experience or type; 8.) Exp|(Mod|Type)/2 model: this model
predicts that the brain primarily encodes the strength of the experience induced by a stimulus - it still combines modality, type, and
experience but reduces the influence of modality and type on the similarity of neural patterns by half, meaning differences in expe-
rience have 2 times more influence on neural patterns than modality or type; 9.) Exp|(Mod|Type)/3 model): similar to model 8, this
model combines the similarity structure of stimulus modality, type, and experience, however, downweighs the former two contribu-
tions by a factor of 3, meaning differences in experience have 3 times more influence on neural patterns than modality or type.

Three participants were excluded from further analysis because they did not have responses in all conditions across the re-
corded runs.

The RSA analysis was performed using the Python Representational Similarity Analysis toolbox.®® First, we z-scored the across-
runs averaged beta estimates and created neural RDMs using squared Euclidian distances for each participant.'®® Neural RDMs
were constrained to the aforementioned ROIs to examine whether the representational structure changes across different process-
ing regions and levels of resolution. Next, we calculated the whitened cosine similarity between neural RDMs and the 9 candidate
models.'®" Within each ROI, the 9 candidate models were compared against 0 and the lower bound of the noise ceiling. Intuitively,
the noise ceiling is a measurement of how good the true data generating model would perform if stimulus responses were fixed and
would only differ in noise. Thus, comparing candidate models to the noise ceiling indicates whether they are appropriately specified
(no significant difference) or lack specification (significant difference).'® Additionally, candidate models were compared against
each other across all ROls using two-tailed t-tests with FDR, q < 0.01. To calculate stable uncertainty estimates and compare model
performances, we randomly sampled subjects 2000 times, which is twice the recommended sampling rate.®®
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Representational Similarity Analysis: partial model
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Figure S1. Performance of candidate models across brain regions for all participants (n = 30). (A) Model comparison for whole brain data. (B) Model comparison
for reward network data. (C) Model comparison for nucleus accumbens data. (D) Model comparison for caudate nucleus data. Upper panels show across subject
averaged neural RDMs. Lower panels show performance of candidate models across brain regions. Bars show means of whitened cosine similarity between
candidate models and neural reference RDMs. Error bars indicate standard error of the mean (95% CIl over 2000 bootstrap samples). Horizontal lines indicate
significant differences in model performances (FDR q < 0.01). Grey dots on top depict significant differences from the noise ceiling (Bonferroni-corrected for 10
models). White dots at the bottom depict significant differences from 0.
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Figure S2. Missing data of response variables aggregated across participants. Data was plotted using

the naniar package [S1].

Hierarchical ordinal Bayesian analyses of aesthetic facets for all trials
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Moving:

Predictors Estimate  Est.Error 1-95% Cl u-95% CI Rhat BuIIé_ES Tail_ESS
Intercept[1] -2.27 0.14 -2.55 -2.01 1.00 1678 3073
Intercept[2] -1.34 0.13 -1.60 -1.08 1.00 1626 2807
Intercept[3] -0.61 0.13 -0.87 -0.35 1.00 1611 2853
Intercept[4] -0.15 0.13 -0.41 0.11 1.00 1602 2741
Intercept[5] 0.74 0.13 0.48 0.99 1.00 1627 2746
Intercept[6] 1.78 0.14 1.51 2.05 1.00 1787 3420

Modality: Imager -0.29 0.04 -0.37 -0.21 1.00 13091 7149

Type?’Face -0.56 0.11 -0.77 -0.35 1.00 2905 4787

Random effects
ID 0.60 0.08 0.47 0.79 1.00 2064 3786
Image_ID 0.31 0.04 0.23 0.40 1.00 2833 3830
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Table S1. Results of the hierarchical ordinal regression for moving ratings using all trials. Readers are
reminded that estimates shown are standardized as they represent beta estimates on the latent
standardized normal scale. Intercepts denote partitions of the latent scale to derive cumulative
probabilities [S2]. Est.Error = estimation error. Cl = Credible Interval. ESS = effective sample size. ID
= random intercept for each participant (n=34). Image_ID = random intercept for each stimulus (n=40).
Observations = 2553.

Beauty:

Predictors Estimate  Est.Error 1-95% Cl u-95% CI Rhat BuII;_ES Tail_ESS
Intercept[1] -2.48 0.14 -2.76 -2.21 1.00 1387 2596
Intercept[2] -1.58 0.13 -1.84 -1.32 1.00 1296 2381
Intercept[3] -0.95 0.13 -1.21 -0.69 1.00 1293 2374
Intercept[4] -0.45 0.13 -0.71 -0.19 1.00 1273 2281
Intercept[5] 0.46 0.13 0.19 0.71 1.00 1262 2247
Intercept[6] 1.44 0.14 1.17 1,70 1.00 1367 2189

Modality: Imager -0.28 0.04 -0.37 -0.20 1.00 11821 6478

TypeYFace -0.43 0.15 -0.71 -0.13 1.00 1588 2736

Random effects
ID 0.46 0.07 0.35 0.61 1.00 1927 3499
Image_ID 0.44 0.06 0.34 0.56 1.00 1869 3318

Table S2. Results of the hierarchical ordinal regression for beauty ratings using all trials. Readers are
reminded that estimates shown are standardized as they represent beta estimates on the latent
standardized normal scale. Intercepts denote partitions of the latent scale to derive cumulative
probabilities [S2]. Est.Error = estimation error. Cl = Credible Interval. ESS = effective sample size. ID
= random intercept for each participant (n=34). Image_ID = random intercept for each stimulus (n=40).
Observations = 2603.

Pleasure:

Predictors Estimate  Est.Error 1-95% Cl u-95% CI Rhat BuIIé_ES Tail_ESS
Intercept[1] -2.37 0.14 -2.65 -2.09 1.00 1579 2752
Intercept[2] -1.47 0.14 -1.74 -1.20 1.00 1510 2720
Intercept[3] -0.74 0.14 -1.01 -0.48 1.00 1498 2844
Intercept[4] -0.28 0.13 -0.54 -0.01 1.00 1491 2727
Intercept[5] 0.57 0.14 0.31 0.84 1.00 1502 2835
Intercept[6] 1.47 0.14 1.20 1.75 1.00 1585 3256

Modality: Imager -0.22 0.04 -0.31 -0.14 1.00 14675 7021

Type?’Face -0.82 0.12 -1.06 -0.58 1.00 2312 3569
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Random effects

ID 0.60 0.08 0.47 0.79 1.00 1936 3375
Image_ID 0.35 0.05 0.27 0.46 1.00 2989 3983
Table S3. Results of the hierarchical ordinal regression for pleasure ratings using all trials. Readers

are reminded that estimates shown are standardized as they represent beta estimates on the latent
standardized normal scale. Intercepts denote partitions of the latent scale to derive cumulative

probabilities [S2]. Est.Error = estimation error. Cl = Credible Interval. ESS = effective sample size. ID

= random intercept for each participant (n=34). Image_ID = random intercept for each stimulus (n=40).
Observations = 2588.

Correlation between vividness and similarity of evoked experiences across modalities

Predictors Estimate  Est.Error 1-95% Cl u-95% CI Rhat Bulk_ES Tail_ESS
S
Intercept -2.89 0.28 2.33 3.45 1.00 2774 4860
Vividness -0.19 0.04 -0.28 -0.10 1.00 10211 7792
Random effects
ID 0.97 0.17 0.67 1.35 1.00 1690 3294

Table S4.1. Correlation between the similarity of subjective experiences across stimulation modalities
and vividness of the mental image. Unstandardized parameter estimates are shown. Est.Error =
estimation error. Cl = Credible Interval. ESS = effective sample size. ID = random intercept for each
participant (n=34). Observations = 1130.

Parameter Std. Median 95% CI
Intercept 2.00 [1.66, 2.38]
Vividness -0.27 [-0.40, -0.14]

Table S4.2. Standardized parameter estimates for the correlation between the similarity of subjective
experiences across stimulation modalities and vividness of the mental image. Parameters were
standardized using the effectsize package [S3].

Hierarchical ordinal Bayesian analyses of aesthetic facets for highly vivid trials

Moving:
Predictors Estimate  Est.Error 1-95% Cl u-95% CI Rhat Bulk_ES Tail_ESS
S
Intercept[1] -2.47 0.16 -2.81 -2.16 1.00 1918 2940
Intercept[2] -1.64 0.14 -1.92 -1.36 1.00 1847 2871
Intercept[3] -0.99 0.14 -1.27 -0.72 1.00 1824 3067
Intercept[4] -0.50 0.14 -0.78 -0.24 1.00 1791 2834
Intercept[5] 0.38 0.13 0.11 0.64 1.00 1786 2750
Intercept[6] 1.42 0.15 1.14 1.71 1.00 2100 2926
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Modality: Imagery -0.14 0.08 -0.29 0.01 1.00 6221 3558

Type: Face -0.62 0.14 -0.89 -0.35 1.00 1858 2692
Random effects

ID 0.48 0.09 0.33 0.68 1.00 1213 2123

Image_ID 0.33 0.07 0.21 0.47 1.00 1750 2425

Table S5. Results of the hierarchical ordinal regression for moving ratings using only highly vivid trials.
Readers are reminded that estimates shown are standardized as they represent beta estimates on the
latent standardized normal scale. Intercepts denote partitions of the latent scale to derive cumulative
probabilities [S2]. Est.Error = estimation error. Cl = Credible Interval. ESS = effective sample size. ID
= random intercept for each participant (n=34). Image_ID = random intercept for each stimulus (n=40).
Observations = 772.

Beauty:
Predictors Estimate  Est.Error 1-95% Cl u-95% CI Rhat Bulk_ES Tail_ESS
S
Intercept[1] -2.71 0.18 -3.07 -2.36 1.00 2928 3024
Intercept[2] -1.80 0.15 -2.11 -1.51 1.00 2917 3430
Intercept[3] -1.29 0.15 -1.59 -1.01 1.00 2769 3548
Intercept[4] -0.89 0.14 -1.17 -0.62 1.00 2734 3485
Intercept[5] 0.08 0.14 -0.20 0.36 1.00 2719 3227
Intercept[6] 1.18 0.15 0.89 1.47 1.00 2801 3433
Modality: Imagery -0.14 0.08 -0.29 0.01 1.00 7722 3348
Type: Face -0.46 0.16 -0.80 -0.15 1.00 2281 2546
Random effects
ID 0.40 0.08 0.27 0.58 1.00 1625 2593
Image_ID 0.43 0.07 0.30 0.58 1.00 1821 2930

Table S6. Results of the hierarchical ordinal regression for beauty ratings using only highly vivid trials.
Readers are reminded that estimates shown are standardized as they represent beta estimates on the
latent standardized normal scale. Intercepts denote partitions of the latent scale to derive cumulative
probabilities [S2]. Est.Error = estimation error. Cl = Credible Interval. ESS = effective sample size. ID
= random intercept for each participant (n=34). Image_ID = random intercept for each stimulus (n=40).
Observations = 783.

Pleasure:
Predictors Estimate  Est.Error 1-95% Cl u-95% CI Rhat Bulk_ES Tail_ESS
S
Intercept[1] -2.46 0.18 -2.80 -2.12 1.00 1535 2306
Intercept[2] -1.78 0.16 -2.10 -1.46 1.00 1442 2174
Intercept[3] -1.19 0.16 -1.51 -0.89 1.00 1367 2058
Intercept[4] -0.74 0.16 -1.04 -0.43 1.00 1369 2162
Intercept[5] 0.20 0.15 -0.10 0.50 1.00 1392 2229
Intercept[6] 1.05 0.16 0.75 1.35 1.00 1481 2584
Modality: Imagery -0.07 0.07 -0.22 0.07 1.00 5810 3712
Type: Face -0.92 0.15 -1.21 -0.62 1.00 1857 2770
Random effects
ID 0.56 0.10 0.40 0.78 1.00 1558 2416
Image_ID 0.39 0.07 0.27 0.54 1.00 1574 2266

40



Table S7. Results of the hierarchical ordinal regression for pleasure ratings using only highly vivid
trials. Readers are reminded that estimates shown are standardized as they represent beta estimates
on the latent standardized normal scale. Intercepts denote partitions of the latent scale to derive
cumulative probabilities [S2]. Est.Error = estimation error. Cl = Credible Interval. ESS = effective
sample size. ID = random intercept for each participant (n=34). Image_ID = random intercept for each

stimulus (n=40). Observations = 783.

Representational Similarity Analysis: partial model

Whole brain
Model Eval + SEM p (against 0) p (against NC)
Independent 0.464 +0.010 < 0.001 < 0.001
Modality 0.965 +0.010 < 0.001 0.484
Experience 0.044 +0.008 < 0.001 < 0.001
Type 0.071 £0.013 < 0.001 < 0.001
Exp|Type 0.081 £0.013 < 0.001 < 0.001
Mod|Exp|Type 0.624 + 0.006 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.835 +0.003 < 0.001 < 0.001
Mod|(Exp|Type)/3 0.908 + 0.005 < 0.001 < 0.001
Exp|(Mod|Type)/2 0.459 £ 0.007 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.352 + 0.007 < 0.001 < 0.001
Reward network
Model Eval £+ SEM p (against 0) p (against NC)

Independent 0.610 £ 0.016 < 0.001 < 0.001
Modality 0.800 = 0.025 < 0.001 0.015
Experience 0.144 £0.014 < 0.001 < 0.001
Type 0.161 £ 0.014 < 0.001 < 0.001
Exp|Type 0.216 £ 0.016 < 0.001 < 0.001
Mod|Exp|Type 0.638 + 0.007 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.778 £0.013 < 0.001 < 0.001
Mod|(Exp|Type)/3 0.816 £ 0.016 < 0.001 0.007
Exp|(Mod|Type)/2 0.510 +0.008 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.420 £ 0.010 < 0.001 < 0.001
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Caudate nucleus

Model Eval + SEM p (against 0) p (against NC)
Independent 0.686 +0.016 < 0.001 < 0.001
Modality 0.746 +0.028 < 0.001 < 0.001
Experience 0.208 £ 0.019 < 0.001 < 0.001
Type 0.215 £ 0.021 < 0.001 < 0.001
Exp|Type 0.299 = 0.021 < 0.001 < 0.001
Mod|Exp|Type 0.675 +0.010 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.782 £0.015 < 0.001 < 0.001
Mod|(Exp|Type)/3 0.802 +0.019 < 0.001 0.004
Exp|(Mod|Type)/2 0.562 £0.013 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.478 £0.014 < 0.001 < 0.001
Nucleus accumbens
Model Eval + SEM p (against 0) p (against NC)

Independent 0.677 £0.016 < 0.001 < 0.001
Modality 0.745 £ 0.027 < 0.001 < 0.001
Experience 0.208 = 0.022 < 0.001 < 0.001
Type 0.194 £ 0.020 < 0.001 < 0.001
Exp|Type 0.285 £ 0.022 < 0.001 < 0.001
Mod|Exp|Type 0.662 + 0.009 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.772 £0.013 < 0.001 < 0.001
Mod|(Exp|Type)/3 0.795 +£0.017 < 0.001 0.002
Exp|(Mod|Type)/2 0.553 £0.014 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.472 £0.017 < 0.001 < 0.001

Table S8. Candidate model performance across regions of interest using the whole dataset. p-values
are based on uncorrected t-tests. NC = noise ceiling; SEM = standard error of the mean.
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Representational Similarity Analysis: whole dataset

Whole brain

Model Eval + SEM p (against 0) p (against NC)
Independent 0.465 +0.010 < 0.001 < 0.001
Modality 0.965 +0.010 < 0.001 0.492
Experience 0.044 +0.008 < 0.001 < 0.001
Type 0.072 £ 0.013 < 0.001 < 0.001
Mod|Exp|Type 0.624 + 0.006 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.835 + 0.003 < 0.001 < 0.001
Mod|(Exp|Type)/3 0.908 + 0.004 < 0.001 < 0.001
Exp|(Mod|Type)/2 0.459 £ 0.007 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.352 + 0.007 < 0.001 < 0.001
Reward network

Model Eval + SEM p (against 0) p (against NC)
Independent 0.610 £ 0.015 < 0.001 < 0.001
Modality 0.801 £ 0.024 < 0.001 0.012
Experience 0.144 £ 0.014 < 0.001 < 0.001
Type 0.161 £0.013 < 0.001 < 0.001
Mod|Exp|Type 0.638 + 0.007 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.778 £0.012 < 0.001 < 0.001
Mod|(Exp|Type)/3 0.816 £ 0.016 < 0.001 0.005
Exp|(Mod|Type)/2 0.510 +£0.008 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.420 £0.010 < 0.001 < 0.001
Caudate nucleus

Model Eval £ SEM p (against 0) p (against NC)
Independent 0.687 £ 0.016 < 0.001 < 0.001
Modality 0.745 +0.028 < 0.001 < 0.001
Experience 0.208 £0.019 < 0.001 < 0.001
Type 0.216 £ 0.021 < 0.001 < 0.001
Mod|Exp|Type 0.675+£0.010 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.781 £0.015 < 0.001 < 0.001
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Mod|(Exp|Type)/3 0.801 £0.019 < 0.001 0.004
Exp|(Mod|Type)/2 0.562 +0.013 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.478 £0.014 < 0.001 < 0.001
Nucleus accumbens
Model Eval + SEM p (against 0) p (against NC)

Independent 0.677 £0.016 < 0.001 < 0.001
Modality 0.744 +0.028 < 0.001 < 0.001
Experience 0.208 £ 0.023 < 0.001 < 0.001
Type 0.194 £ 0.021 < 0.001 < 0.001
Mod|Exp|Type 0.662 = 0.009 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.772 £0.013 < 0.001 < 0.001
Mod|(Exp|Type)/3 0.794 +0.018 < 0.001 0.003
Exp|(Mod|Type)/2 0.554 £0.015 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.472£0.018 < 0.001 < 0.001

Table S9. Candidate model performance across regions of interest using the whole dataset. p-values
are based on uncorrected t-tests. NC = noise ceiling; SEM = standard error of the mean

Representational Similarity Analysis: highly vivid trials

Whole brain
Model Eval £+ SEM p (against 0) p (against NC)

Independent 0.483 £ 0.012 < 0.001 < 0.001
Modality 0.972 + 0.005 < 0.001 0.099
Experience 0.059 + 0.009 < 0.001 < 0.001
Type 0.073 £0.013 < 0.001 < 0.001
Mod|Exp|Type 0.637 +0.007 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.847 +£0.003 < 0.001 < 0.001
Mod|(Exp|Type)/3 0.919 +£0.002 < 0.001 < 0.001
Exp|(Mod|Type)/2 0.475 +0.008 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.368 + 0.009 < 0.001 < 0.001
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Reward network

Model Eval + SEM p (against 0) p (against NC)
Independent 0.667 £0.017 < 0.001 < 0.001
Modality 0.723 £ 0.041 < 0.001 0.041
Experience 0.241 £ 0.042 < 0.001 < 0.001
Type 0.202 £ 0.032 < 0.001 < 0.001
Mod|Exp|Type 0.673 £ 0.021 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.771 £0.025 < 0.001 0.076
Mod|(Exp|Type)/3 0.787 + 0.029 < 0.001 0.296
Exp|(Mod|Type)/2 0.565 + 0.025 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.493 = 0.030 < 0.001 < 0.001
Caudate nucleus

Model Eval + SEM p (against 0) p (against NC)
Independent 0.716 £ 0.022 < 0.001 0.002
Modality 0.626 + 0.047 < 0.001 0.003
Experience 0.281 £ 0.050 < 0.001 < 0.001
Type 0.235 £ 0.047 < 0.001 < 0.001
Mod|Exp|Type 0.659 £ 0.024 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.721 £0.028 < 0.001 0.014
Mod|(Exp|Type)/3 0.721 £0.034 < 0.001 0.031
Exp|(Mod|Type)/2 0.581 +0.030 < 0.001 < 0.001
Exp|(Mod|Type)/3 0.514 +£0.035 < 0.001 < 0.001
Nucleus accumbens

Model Eval £ SEM p (against 0) p (against NC)
Independent 0.698 + 0.016 < 0.001 < 0.001
Modality 0.662 + 0.048 < 0.001 0.010
Experience 0.252 £ 0.044 < 0.001 < 0.001
Type 0.218 £0.032 < 0.001 < 0.001
Mod|Exp|Type 0.653 + 0.028 < 0.001 < 0.001
Mod|(Exp|Type)/2 0.732 £0.035 < 0.001 0.042
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Mod|(Exp|Type)/3 0.740 + 0.039 <0.001 0.091
Exp|(Mod|Type)/2 0.565 + 0.032 <0.001 <0.001

Exp|(Mod|Type)/3 0.493 +0.035 <0.001 <0.001

Table S10. Candidate model performance across regions of interest using only highly vivid trials. p-
values are based on uncorrected t-tests. NC = noise ceiling; SEM = standard error of the mean

Model evaluation

Model nhame ELPD difference SE difference
Model_mod_type_rand 0.0 0.0
Model_type_rand_acat_cs(mod) -2.3 3.8
Model_mod_type rand_acat -2.6 2.2
Model_rand_acat_cs(mod)_cs(type) -6.3 3.9
Model_mod_type -17.6 6.4
Model_mod -43.9 10.4
Model null -44.0 10.6

Table S11. Assessment of model performance using leave-one-out cross-validation [S2]. The best-
performing model is plotted first. Lower expected log predictive density (ELPD) [S4] compared to the
winning model highlights worse performance overall. Model names denote which regressors were
included. Null: none; Mod: Modality (perception vs imagery); Type: Type (face vs artwork); Rand;
random intercept for each participant and each stimulus; acat_cs(): category-specific effect.

Data S1: Vividness of Visual Mental Imagery Questionnaire

Taken from the original publication by Marks in 1973 [S5].

For items 1-4, think of some relative or friend whom you frequently see (but who is not with you at
present) and consider carefully the picture that comes before your mind’s eye.

Item

1. The exact contour of face, head, shoulders and body.
2. Characteristic poses of head, attitudes of body, etc.
3. The precise carriage, length of step, etc., in walking.
4. The different colours worn in some familiar clothes.

Visualize a rising sun. Consider carefully the picture that comes before your mind’s eye.

Item

5. The sun is rising above the horizon into a hazy sky.
6. The sky clears and surrounds the sun with blueness.
7. Clouds. A storm blows up, with flashes of lightning.
8. A rainbow appears.

Think of the front of a shop which you often go to. Consider the picture that comes before your mind’s
eye.

Item

9. The overall appearance of the shop from the opposite side of the road.

10. A window display including colours, shapes and details of individual items for
sale.

11. You are near the entrance. The colour, shape and details of the door.
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12. You enter the shop and go to the counter. The counter assistant serves you.
Money changes hands.

Finally, think of a country scene which involves trees, mountains and a lake. Consider the picture that
comes before your mind’s eye.

Item

13. The contours of the landscape.

14. The colour and shape of the trees.

15. The colour and shape of the lake.

16. A strong wind blows on the trees and on the lake causing waves.

Data S2: Adapted and translated version of the Vividness of Visual Mental Imagery
Questionnaire

SchlieBen Sie die Augen. Denken Sie an eine mit Ihnen verwandte oder befreundete Person, die Sie
haufig sehen (aber die im Moment nicht bei Ihnen ist), und betrachten Sie sorgfaltig das Bild, das Sie
vor lhrem geistigen Auge sehen. Bewerten Sie anschlieBend die folgenden Aspekte danach, wie
anschaulich Sie diese vor lhrem geistigen Auge gesehen haben:

Die genaue Kontur von Gesicht, Kopf, Schultern und Korper.
Uberhaupt nicht anschaulich 1 2 3 4 5 duBerst anschaulich

Charakteristische Kopfhaltung, Kérperhaltungen, etc.
Uberhaupt nicht anschaulich 1 2 3 4 5 duBerst anschaulich

Die genaue Haltung, Schrittlange etc. beim Gehen.
Uberhaupt nicht anschaulich 1 2 3 4 5 duBBerst anschaulich

Die verschiedenen Farben der Kleidung, die die Person haufig tragt.
Uberhaupt nicht anschaulich 1 2 3 4 5 duBerst anschaulich

Denken Sie daran, dass Sie vor einem Laden stehen. Betrachten Sie sorgféltig das Bild, das Sie vor
Ihrem geistigen Auge sehen. Bewerten Sie anschlieBend die folgenden Punkte.

Das Gesamtbild des Ladens von der gegeniiberliegenden StraBBenseite aus.
Uberhaupt nicht anschaulich 1 2 3 4 5 duBBerst anschaulich

Eine Schaufensterdekoration mit Farben, Formen und Details von einzelnen Verkaufsartikeln.
Uberhaupt nicht anschaulich 1 2 3 4 5 duBerst anschaulich

Sie sind in der Nahe des Eingangs. Die Farbe, Form und Details der Tr.
Uberhaupt nicht anschaulich 1 2 3 4 5 duBerst anschaulich

Sie betreten den Shop und gehen zur Theke. Die Thekenkraft bedient Sie. Geld wechselt den
Besitzer.
Uberhaupt nicht anschaulich 1 2 3 4 5 duBerst anschaulich

Data S3: Original version of the Aesthetic Experience Scale

Taken from the original publication by Silvia and Nusbaum [S6].

Please write down areas of the arts you encounter most often in your daily life:

How often do you . . . (1: never or rarely - 7: nearly always)
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feel absorbed and immersed
completely lose track of time

feel chills down your spine

get goose bumps

feel like you’re somewhere else

feel like your hair is standing on end
feel like crying

feel touched

feel detached from your surroundings
feel a sense of awe and wonder

Data S4: Adapted and translated version of the Aesthetic Experience Scale

Bitte wahlen Sie die Kunstdomane aus, die bei Ihnen die starksten Emotionen bzw. das starkste
asthetische Empfinden ausldst:
e Musik héren
Videos schauen (Fernsehen, Kino, Youtube, etc)
Bildende Kunst (Gemalde, Malerei, Kunstfotografie, etc.)
Literatur
Tanzauffihrungen
Theater
Eigenes kreatives Schaffen
Andere

Wie haufig sind Sie der von lhnen angegebenen Kunstdomane in etwa ausgesetzt?
e taglich

mehrmals die Woche

einmal die Woche

ein- bis zweimal im Monat

alle paar Monate
e ein- bis zweimal im Jahr

noch seltener

Bitte beantworten Sie die folgenden Fragen in Bezug auf die oben von lhnen ausgewahite
Kunstdomaéne. Dabei sollen Sie beurteilen, wie oft die folgenden emotionalen und physischen
Zustande bei lhnen ausgelést werden, wenn Sie dieser Kunstdomane ausgesetzt sind: (1: niemals
oder kaum, 7: fast immer)

Labels (1-7):
1: niemals oder kaum, 7: fast immer
Wie oft fihlen Sie sich vollkommen eingenommen von und versunken in ihr Erleben?

niemals oder kaum 12 34 5 6 7 fast immer

Wie oft verlieren Sie vollkommen das Zeitgefiihl?
niemals oder kaum 123 4 56 7 fast immer

Wie oft flihlen Sie einen Schauer lber lhren Riicken laufen?
niemals oder kaum 123 4 56 7 fast immer

Wie oft bekommen Sie eine Gdnsehaut?
niemals oder kaum 12 34 5 6 7 fast immer

Wie oft haben Sie das Gefiihl ganz woanders zu sein?
niemals oder kaum 12 3 4 5 6 7 fast immer

Wie oft haben Sie das Gefihl, dass Ihnen die Haare zu Berge stehen?
niemals oder kaum 12 34 5 6 7 fast immer
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Wie oft haben Sie das Geflihl, weinen zu miissen?
niemals oder kaum 123 4 5 6 7 fast immer

Wie oft flihlen Sie sich tief beriihrt?
niemals oder kaum 1 2 34 5 6 7 fast immer

Wie oft fihlen Sie sich von lhrer Umgebung losgelést?
niemals oder kaum 12 3 4 56 7 fast immer

Wie oft fiihlen Sie sich von Ehrfurcht und Staunen ergriffen?
niemals oder kaum 12 3 4 5 6 7 fast immer

Data S5: Comprehension Questions

When should you not move?

Explain the scale from 1-7 of the question “How beautiful was the image?”.
What is aesthetically moving?

What is pleasure?

What do you need to do when you hear the tone?

What does the question "How vivid was your imagery?” assess?
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subfield’s head and the score. Conclusion: These findings suggest that anxiety-related experiences
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outcome in future approaches.
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exact mechanism of action remains elusive and is still
subject of extensive research.

So far, ketamine is the only approved antidepres-
sant emerging its antidepressant effects already hours
after application (Zarate et al. 2006), with a rapid
decrease of suicidal ideations (Witt et al. 2020).
Recently, its clinical use in other neuropsychiatric dis-
orders, such as anxiety spectrum disorders and sub-

Introduction

The N-methyl-D-aspartate (NMDA) antagonist ketamine
has been proven as an effective and rapid antidepres-
sant in unipolar and bipolar depressive disorder (Zarate
et al. 2006; Kraus et al. 2017), exerting its effects by
enhancing neuroplasticity (Zanos and Gould 2018).
Previous studies indicate an inhibition of NMDA recep-

tors mainly located on GABAergic interneurons, lead-
ing to an increased glutamatergic activity of
postsynaptic cells (Duman et al. 2016). Adaptions in
neurotransmitter content were reported with elevated
glutamatergic levels in the medial prefrontal cortex
(Abdallah et al. 2018) and decreased GABA levels in
the hippocampus (Silberbauer et al. 2020). However, its

stance use disorders, has been investigated with
promising results (Johnston et al. 2024) However, its
clinical use is limited due to its dissociative and psy-
chomimetic side effects (Naughton et al. 2014).
Mostly, psychoactive effects induced by ketamine are
described as a "high” accompanied by changed percep-
tion and a feeling of happiness (Griffiths et al. 2021).
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However, some patients encounter negative experi-
ences, such as anxiety (Ceban et al. 2021), agitation,
intense out of body experiences and symptoms (Moore
and Measham 2008) mimicking schizophrenia (Hoflich
et al. 2015). Its use in a clinical setting and for scientific
use is considered safe (Wolff and Winstock 2006), but
due to these potential adverse effects, observation by
medical staff is required (Kraus et al. 2017).

The extent to which ketamine’s psychoactive effects
contribute to its antidepressant properties remains a
topic of ongoing debate (Ballard et al. 2020; Grabski
et al. 2020). Nonetheless, a recent study reported a
negative correlation of anxiety-related experiences
during a ketamine infusion and antidepressant
response (Aust et al. 2019). Thus, experiences of anxi-
ety during ketamine application are categorised as
adverse events and have been reported as a reason
for discontinuation of treatment (Feifel et al. 2020).

In general, the hippocampus and amygdala are key
hubs of anxiety. Early studies have already linked the
amygdala to fear response with evidence coming from
functional magnetic resonance tomography (fMRI) as
well as positron emission tomography (PET), which
showed amygdalar activation in response to fearful
stimuli (Phan et al. 2002; Ressler 2010) and early find-
ings from lesion studies (Adolphs et al. 1995). This
association is also supported by evidence from mor-
phological studies, as a smaller amygdalar volume has
also been associated with the trait anxiety and sub-
clinical anxiety in healthy subjects (Blackmon et al.
2011; Hu et al. 2020).

Moreover, the amygdala is not only involved in
induction of fear, but also plays a substantial role in
communicating fear signals and processing fear uncon-
sciously, and in contextualising fear (Garfinkel and
Critchley 2014). In contrast to this well-document part
of the amygdala, the role of the hippocampus is less
understood, but studies suggest its involvement in fear
conditioning (Pohlack et al. 2012), fear memory (Chaaya
et al. 2018; Zaki et al. 2022) and fear memory extinction
(Lacagnina et al. 2019). However, evidence has been
provided, that not the entire hippocampus, but rather
anterior parts, are implicated in fear (Strange et al. 2014).

An MRI study confirmed an immediate hippocampal
volume increase in healthy human subjects following a
single ketamine infusion, putting emphasis on the hip-
pocampus as a key area of ketamine’s action (Hoflich
et al. 2021). Moreover, a ketamine-induced decrease in
functional connectivity of the hippocampus with
nodes of the default mode network (DMN) and the
dorsal attention network was reported in remitted
depressed patients (Zhang et al. 2023). These alter-
ations could mediate antidepressant effects, as the
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hippocampus is implied in pathophysiological alter-
ations in major depressive disorder (MDD) (Campbell
and MacQueen 2004; Harrisberger et al. 2015).
Especially, hippocampal volume reduction is one of
the most replicated neuroimaging findings in MDD,
with more pronounced volumetric loss in the left CA1
subfield (Roddy et al. 2019), but also hyperconnectivity
with other DMN nodes has been described (Kaiser
et al. 2015). Additionally, the amygdala, a region that
is predominantly overactivated in MDD (Klug et al.
2024), belongs to the main targets of ketamine’s
action. In contrast to the hippocampus, volumetric
alterations of the amygdala in MDD are rather incon-
sistent, with reports of both decreased and increased
amygdalar volumes (Hamilton et al. 2008; van
Eijndhoven et al. 2009; Schmaal et al. 2016). However,
findings indicate heightened amygdala reactivity to
negative emotion processing (Klug et al. 2024) and
increased resting-state functional connectivity with the
right hippocampus (Tang et al. 2018). Moreover, ket-
amine seems to reduce this neural activity in the bilat-
eral amagydalo-hippocampal complex when exposed
to emotional stimuli (Scheidegger et al. 2016).

Hence, comprehending the morphological correlates
of anxiety-related experiences therefore seem espe-
cially important and may allow the prediction the
treatment outcome of ketamine.

Given that hippocampus and amygdala are key tar-
gets of ketamine’s mechanism of action and are impli-
cated in anxiety, they might be the main neural
correlates of anxiety-related experiences in the context
of ketamine application. Therefore, we investigated a
possible correlation between the amygdalar and hip-
pocampal volumes and their respective subregions
with anxiety-related experiences.

Methods
Study design and subjects

This study was approved by the ethical committee of
the Medical University of Vienna, Austria (EK 1572/2021)
and performed in accordance with the declaration of
Helsinki.

Overall, 36 healthy subjects (17 males, mean age:
23.9+3.7) were enrolled in this single-blind, ran-
domised, placebo-controlled cross-over study.
Participants’ physical health was evaluated through
medical examinations including an electrocardiogram,
blood, and urine tests, encompassing pregnancy and
drug screening. Mental health was assessed via the
Structured Clinical Interview for DSM-IV (Lobbestael
et al. 2011). Exclusion criteria were any current medical
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Figure 1. Study design of participants included in this subanalysis: At Session 1 participants were administered a placebo infusion
(0.9% saline solution) and the 5 Dimension altered state of consciousness (5D-ASC) score was taken after infusion. Four hours
later, structural magnetic resonance imaging (MRI) scans were acquired.

illness requiring pharmacological treatment including
psychiatric disorders, a history of neurological or psy-
chiatric disorders, pregnancy or breastfeeding, current
or former substance abuse as well as any contraindica-
tions for MRI scans.

Each subject underwent two MRI scanning sessions.
Participants received a continuous infusion over the
course of 40 min of a placebo, consisting of 0.9% saline
solution in one session, and 0.5mg/kg of racemic ket-
amine diluted in 0.9% NaCl in the other session, with
an aimed interval between the sessions of two weeks
(see Figure 1). Study medication was provided by the
hospital pharmacy of the University Hospital Vienna
(AKH), preparation and administration were performed
by a trained study doctor. The order of treatment
during each study session, receiving ketamine or pla-
cebo infusion, respectively, was randomised at study
inclusion. Only participants receiving placebo treat-
ment in the first scanning session were included in our
analyses on the relationship of morphological cor-
relates and anxiety-related experiences during ket-
amine infusion, to ensure proper baseline data.
Therefore, only 16 participants were included in our
analyses.

Randomisation to one of the two study arms was
carried out by using the software randomiser (https://
www.meduniwien.ac.at/web/mitarbeiterinnen/it-hilfe-
support/it4science/plattformen/randomiser/) and block
randomisation. Both study drugs were administered by
a continuous infusion intravenously over 40min. The
5-Dimension Altered State of Consciousness Rating
Scale (5D-ASC) was obtained within 15min after the
end of the infusion. MRI scans were conducted 4h
after the application of the study drug (see Figure 1).

As a possible association between baseline volumes
of the hippocampus and the amygdala with
anxiety-related experiences was assessed, only subjects
receiving the placebo infusion in the first session
(n=16) were in included in the current analyses.
Statistical considerations are discussed in the section
of statistical analysis.
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Psychometric measures

At each study visit, psychoactive effects of the infusion
were assessed by the Visual Analog Scales (VAS) and
the 5-Dimension Altered State of Consciousness Rating
Scale (5D-ASC). The German version of the 5D-ASC is a
94-item self-report questionnaire, using a horizontal
visual analogue scale with the endpoints ‘No, not more
than usually’ and ‘Yes, much more than usually’ to
describe experiences. It comprises five dimensions,
namely oceanic boundlessness, anxious-ego disintegra-
tion, visionary restructuralization, acoustic alterations,
and altered vigilance (Dittrich 1998). Studerus et al.
enhanced the score by introducing new subscales, one
of them called ‘Anxiety, comprising the following
items: 19 ('l was afraid that the state | was in would
last forever’), 29 ('l was afraid without being able to
say exactly why’), 30 ('l experienced everything terrify-
ing distorted’), 32 (‘I experienced my surroundings as
strange and weird’), 38 (I felt threatened’), and 63
('l had the feeling something horrible would happen’)
(Studerus et al. 2010). Item 6 was added as an addi-
tional item, as the German Version differs from the
English Version. While the English Version is ‘I feel con-
nected to superior powers, the German Version trans-
lates to English as ‘I feel at the mercy of dark forces,
which is interpreted as an anxious state. Therefore, a
total of 7 items were used to calculate a score, which
will be referred to as ‘Anxiety score’ in the following.

Magnetic resonance imaging and analysis

MRI scanning was performed on a 3 Tesla MR Scanner
(MAGNETOM  Prisma, Siemens Medical, Erlangen,
Germany) at the Department of Biomedical Imaging
and Image-guided Therapy, Medical University of
Vienna. Structural T1-weighted MRI scans were acquired
with a multi-echo MPRAGE sequence (TR = 2400 ms, TE
= 2.22ms, voxel size 0.8 X 0.8 x 0.8 mm, anterior-posterior
face encoding, field of view read: 256 mm, slice over-
sampling 23.1%).
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Figure 2. lllustration of the automated hippocampus segmen-
tation from structural T1-weighted magnetic resonance images
(a), in coronal (b), sagittal (c), and axial (d) view. Segmentations
were visually checked by an experienced neuroscientist.

Whole-Brain segmentation and parcellation of subcorti-
cal regions was carried out automatically by FreeSurfer 7.1
(Harvard Medical School, Boston, MA, USA; http://surfer.
nmr.mgh.harvard.edu/) with subsequent segmentation of
hippocampus and amygdala subfields (freesurfer-
linux-centos6_x86_64-7.1.0-20200511-813297b) (Iglesias
et al. 2015; Saygin et al. 2017), as illustrated in Figure 2.

Statistical analysis

SPSS Statistics (v 29.0.2.0, 2023, SPSS, Inc., an IBM
Company, Chicago, IL, USA) was used for statistical
analyses. Subjects whose between-measurement inter-
val exceeded 90days between the two MRI scans were
excluded from the analyses due to possible seasonal
changes in the subcortical volumes (Book et al. 2021).

The difference in the anxiety score during the pla-
cebo infusion and during the ketamine infusion was
calculated to attenuate the risk of confounding by
inter-subject anxiety level differences in the test setting.
This difference score was used for all statistical analyses.

To preclude effects of other variates than the hip-
pocampal and amygdalar volume on the anxiety dif-
ference score, a regression model, using the score as
the dependent variable, and the session (i.e. whether
the placebo or ketamine was administered), the order
of the administered study drug (i.e. whether placebo
or ketamine was administered first), gender, and age
as independent variables, was conducted for all sub-
jects (n=36). While the overall model revealed a signif-
icant effect (R?=0.496, p=0.002), only the session
variable showed a significant result (p<0.001).
Therefore, we assumed that neither gender, age nor
the order of the applied study medication had a sig-
nificant impact on the occurrence of anxiety-related
experiences. This finding supports the validity of the
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design for the following statistical analyses of only
participants receiving the placebo in the first session,
ensuring that the results are not confounded by the
order in which the study medication was administered
and infer that considering only a single study arm will
not introduce bias related to a session effect.

Moreover, an independent samples t-test was per-
formed to preclude gender-specific effects on the anx-
iety difference score.

Separate regression models were conducted for the
whole hippocampus (head + body), the hippocampal
body, the hippocampal head, and the amygdala. The
obtained residuals of the volumes and the anxiety dif-
ference scores were assessed for normal distribution
by Shapiro-Wilk tests.

As the regression model of the hippocampal head
volume yielded a significant result, subsequent regres-
sion models were performed for each subfield individ-
ually. These analyses comprised the fimbria, fissure,
hippocampus-Amygdala-transition-area (HATA), parasu-
biculum, tail, and the head and the body of each of
the following subfields: CA1, CA3, CA4, granule cell
layer of the dentate gyrus (GC-ML-DG), molecular layer,
presubiculum and subiculum. The Benjamini-Hochberg
false discovery rate correction was used to adjust the
alpha-level for multiple comparison.

Results
Demographics and psychometric data

In total, 16 participants (6 males, mean age 23.31+SD
1.8), received the placebo treatment in the first and
ketamine in the second scanning session and were
included in the analyses. The mean+interval between
the measurements was 27.4+13.6days.

Mean +SD 5D-ASC Score was 102.65+145.29 with a
mean +SD anxiety score of 109.06 +147.54. The 5D-ASC
Score did not differ significantly between males and
females [t(15)=0.368, p=0.718].

Relationship of the hippocampus, the amygdala,
and anxiety-related experiences

The volumes of the total hippocampus, hippocampal
tail, and amygdala did not show any significant rela-
tionship with the anxiety score. However, the regres-
sion model indicated a significant effect of the
hippocampal head volume on the anxiety score
[B—-0.745, SE = 0.101, p=0.009 (FDR g value = 0.0125)]
and the model explained 56% of the variance in the
anxiety score (R” =0.560). This relationship is visualised
in Figure 3.
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Figure 3. Scatter plot of the relationship of the bilateral hippocampal head volume after the placebo infusion and the anxiety score differ-
ence at the second session. The anxiety score difference was obtained by subtraction of the measures derived at each scanning session.

Subsequent linear regression models of the sub-
fields showed a trend-wise negative correlation of the
anxiety score with the CA1 head (B coefficient=-0.606,
p=0.039), CA3 head (B coefficient=—0.811, p=0.008),
CA4 head (B coefficient=—0.778, p=0.010), GC-ML-DG
head (B coefficient=-0.737, p=0.019), fimbria (8 coef-
ficient=-0.874, p=0.005), molecular layer head (8
coefficient=-0.725, p=0.013), presubiculum head (8
coefficient=-0.610, p=0.023), subiculum head (8
coefficient=-0.565, p=0.038). However, no subfield
result met the criteria required by the
Benjamini-Hochberg correction for multiple
comparison. Individual results are shown in Table 1.
Exemplary regression plots of the relationship of hip-
pocampal subfield volumes and anxiety scores are
depicted in Supplemental Figure 1.

Discussion

Our results yielded a significant negative correlation
between the hippocampal head volume and
anxiety-related experiences in a group of healthy vol-
unteers. Moreover, a trend towards negative correla-
tion of the head volume of each hippocampal subfield
as well as of the fimbria with the anxiety score were
found. Neither significant correlation between the
amygdala nor any other subfield with the anxiety
score was observed.
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Table 1. Results of all regression models.

Standard FDR g

B coefficient  error  p-Value  value
Hippocampus (head + body)  —0.486 0.081 0.124  0.0375
Hippocampal head -0.745 0.101 0.009 0.0125
Hippocampal body —0.152 0.324 0.672  0.05
Amygdala (whole) —0.597 0.121 0.075 0.025
CA1 body 0.546 1.90 0.214  0.029
CA1 head -0.606 0.319  0.039* 0.018
CA3 body —0.530 3.221 0357  0.032
CA3 head -0.811 1.209 0.008* 0.003
CA4 body 0.223 3.347 0.610  0.042
CA4 head -0.778 1.461 0.010* 0.005
Fimbria -0.874 1.123  0.005* 0.011
Hippocampal fissure 0.077 0.819 0.788  0.047
GC-ML-DG body 0.218 2774 0.573  0.039
GC-ML-DG head -0.737 1.279 0.019*
HATA —0.524 2.181 0.069  0.024
Hippocampal tail 0.146 0.360 0.618  0.045
Molecular layer body —-0.026 1.613 0.952 0.050
Molecular layer head -0.725 0.536 0.013* 0.008
Parasubiculum —-0.262 2.553 0.363 0.034
Presubiculum body —0.341 0.970 0.224  0.026
Presubiculum head -0.610 1.031 0.023* 0.016
Subiculum body 0.177 0.931 0.533 0.037
Subiculum head -0.565 0.763  0.038* 0.018

FDR g value represents the adjusted a level according to the
Benjamini-Hochberg correction for multiple testing.

*Represents significant effects on the anxiety difference score (uncor-
rected for multiple comparison).

**Represents a significant effect on the anxiety difference score.
p-Value: 0.009%*,

Bold values represent significant effects uncorrected for
comparison.

multiple

These findings are in line with previous literature,
which reported a negative correlation between the
hippocampal volume and anxiety disorders (Mueller
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et al. 2013) and related symptoms (Lipschutz et al.
2024). Interestingly, the state of anxiety, which, in con-
trast to the trait of anxiety, is defined as a transient
response to threatening events, has been related to
the anterior hippocampus rather than the posterior
hippocampus (Satpute et al. 2012). Correspondingly, in
this study, only the hippocampal head volume was
associated with anxiety during the ketamine infusion.

In general, the hippocampus is not only organised
into distinct subfields, but also along a longitudinal
axis. The posterior hippocampus is more involved in
spatial processing, whereas the anterior hippocampus
has rather been associated with emotion processing,
such as unconditioned fear behaviour (Strange et al.
2014). Also, more frontal, and anterior temporal brain
regions, which are involved in social behaviour, are
more functionally connected to the anterior hippo-
campus (Vogel et al. 2020). This organisation of the
hippocampus along the anterior-posterior axis might
explain, why we observed a significant effect of the
hippocampal head volume and a trend wise effect of
all head areas of the hippocampal subfields, but not in
a single hippocampal subfield. Furthermore, gene
expression patterns differ along the longitudinal axis
as well. The NR2F2 gene has been shown to be dis-
tinctively higher expressed in the ventral hippocampus
(Vogel et al. 2020; Yang et al. 2023) and is associated
with enhanced expression of somatostatin (SST) in
GABAergic interneurons (Vogel et al. 2020). While it
has been reported that ketamine disinhibits SST inter-
neurons (Gerhard et al. 2020), exerting not only its
antidepressant but also anxiolytic effect (Fuchs et al.
2017), deficits of these GABAergic interneurons have
been shown to increase anxiety-like behaviour in mice.
A smaller volume could be associated with a fewer
number of GABAergic interneurons, leading to more
anxiety-related experiences. However, no studies have
investigated this possible association, and an analysis
of receptor occupancy is required to give a valid
explanation.

Furthermore, a positive correlation between the
antidepressant effect of ketamine and the baseline
volume of the left hippocampus was shown
(Nogovitsyn et al. 2020). These findings were repli-
cated in another study, additionally showing grey mat-
ter volume increases in the hippocampus after
ketamine administration (Dutton et al. 2024). However,
these studies did not report details on altered states
of consciousness during ketamine application.
Nevertheless, a higher baseline volume could be asso-
ciated with less anxiety during ketamine administra-
tion and could therefore mediate the better treatment
outcome observed in their study. Here, we did not
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find a relationship of the amygdalar volume with
anxiety-related experiences after ketamine infusion.
Since the amygdala and the hippocampus are impli-
cated in different anxiety and fear related processes,
morphological correlates may differ within these areas
(Chaaya et al. 2018). While to our knowledge no stud-
ies on the different kinds of anxiety-related experi-
ences during ketamine application have been
conducted in humans, a study in rats has reported
enhanced fear memory retrieval following a ketamine
infusion (Radford et al. 2018). Especially contextual
fear conditioning (Liu et al. 2012; Khaled et al. 2019)
and contextual fear memory retrieval (Chaaya et al.
2018) strongly rely on the hippocampus, which could
relate to enhanced fear processing mechanism during
ketamine infusion.

In the previous decade, multiple studies investi-
gated the relationship between psychoactive effects of
ketamine and treatment outcome in MDD. Nevertheless,
results have been mixed so far (Grabski et al. 2020).
Most of these studies have focused on an overall
altered state of consciousness rather than on specific
levels. While one study has reported a positive associ-
ation of experience of unity, insight, and spirituality
with treatment outcome (Sumner et al. 2021), another
study has reported a negative correlation with
anxiety-related experiences, emphasising the differenti-
ating the state of altered consciousness (Aust et al.
2019). In line with our findings, we would recommend
using subscales of the 5D-ASC rather than the overall
score for investigating psychoactive effects of ketamine.

Although ketamine is a very potent antidepressant,
anxiety related experiences during or after ketamine
treatment are considered as adverse events and lead
to discontinuation of treatment (Ceban et al. 2021).
Therefore, potential markers to predict possible anxi-
ety related events are of high interest for clinical rou-
tine practice. Here, we provide data on the relationship
of morphological correlates of the hippocampus and
fearful experiences during ketamine infusion. Hence,
our results may help to understand the role of the hip-
pocampus in the antidepressant effect of ketamine
and path the way to use hippocampal (subfield) vol-
umes as predictors for anxiety related experiences
during ketamine treatment in future studies. However,
future studies are required to replicate our results in
depressed patients and potentially use hippocampal
volumes as predictors for treatment outcome. While
this could be a step towards improving precision med-
icine in psychiatry, the cost- and time-consuming
aspects of MRI scans have to be considered.

Nevertheless, several limitations of this study need
to be considered. Our study population comprise



only young, healthy participants with mainly stu-
dents. Thus, conclusions with regard to patient popu-
lations need to be drawn with caution. Therefore,
future studies should be conducted in depressed
patients as well. In general, other risk factors for
depression, such as childhood trauma have been
related to a smaller hippocampal volume (Teicher
et al. 2012) and should therefore be considered as a
covariate or grouping variable in future studies.
Moreover, the experience of childhood-trauma may
influence the occurrence of negative side-effects of
ketamine use and should be further explored in
future approaches.

Also, the 5D-ASC is not considered as a classic anx-
iety score, and further studies including other scores
focusing specifically on anxiety are required. For the
purpose of our analyses, we could only rely on sub-
jects receiving the placebo treatment in the first study
session, due to possible ketamine effects and missing
baseline data of the other study participants. Although
our voxel size of 0.8mm isotropic is sufficient for the
valid quantification of all subfields, a combination of
both T1 and T2-weighted images for the quantification
of hippocampal and amygdala subfields should be
favoured in future investigations (Seiger et al. 2021).
Last, we used racemic ketamine in this study. Therefore,
it is unclear if effects emerge from the racemic compo-
sition or can be associated with either S- or R-ketamine.
As only S-ketamine has been approved by the
European Medicines Agency (EMA) for the treatment
of MDD (European Commission 2024), further studies
with esketamine are needed to clarify this issue, espe-
cially if the hippocampal head volume is considered as
a predictor. In conclusion, our results indicate an asso-
ciation of the experience of anxiety during administra-
tion of ketamine with the hippocampal head. The
analysis of the hippocampal subfields suggests a
trend-wise negative correlation with the anxiety-score.
Our findings highlight the role of the hippocampus in
ketamine’s mechanism of action. Moreover, we pro-
pose a method to predict anxiety related experiences
using hippocampal subfields volume analyses, which
could subsequently aid in predicting the outcome of
ketamine treatment.
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anxiety score difference was obtained by subtraction of the measures derived at each

scanning session.
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Abstract

Objectives: Ketamine’s prohedonic properties have been linked to enhanced
reward-related brain activation during the early post-infusion phase. Its effects
during the subacute period (~2-24 h post-infusion), when psychotomimetic
symptoms fade and neuroplastic adaptations emerge, are less well characterised.
This study assessed ketamine’s subacute effects on reward processing using the

Monetary Incentive Delay (MID) task.

Methods: In a randomised, placebo-controlled, crossover study, 28 healthy
participants received 0.5 mg/kg racemic ketamine or placebo via 40-minute
intravenous infusion. Functional magnetic resonance imaging (fMRI) was
acquired ~5 h post-infusion. Plasma concentrations of ketamine and norketamine
were obtained for individual area under the curve (AUC) estimation. Analyses

focused on the contrast between expected and actual trial outcomes.

Results: At five hours post-infusion, ketamine did not significantly modulate MID
task-related brain activation, despite pronounced subjective drug effects.
Pharmacokinetic modelling confirmed expected ketamine and norketamine
profiles, but neither drug exposure (AUC) nor subjective measures correlated with

neural activation.

Conclusions: Prohedonic effects of ketamine may not sufficiently manifest in MID
task-related activation in healthy individuals ~5 hours after infusion. The lack of
significant effects provides valuable extension of the existing literature, as
ketamine’s effects might be confined to a more acute time window or differ in

clinical populations.

Keywords: ketamine; norketamine; fMRI; MID task; reward processing
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Introduction

Ketamine’s rapid-acting antidepressant effects have led to a major shift in psychiatric
research and the treatment of Major Depressive Disorder (MDD) in recent years. Unlike
traditional monoaminergic antidepressants, ketamine elicits rapid antidepressant effects
within 2 h and sustained effects lasting up to 7 days following a single subanaesthetic
dose (Zarate et al. 2006; Coyle and Laws 2015). One of ketamine’s most promising
properties is its potential to alleviate anhedonia (Lally et al. 2014; Nogo et al. 2022;
Kwasny, Kwasna, et al. 2024; Kwasny, Cubata, et al. 2024), a core symptom of MDD
characterised by the reduced ability to experience pleasure (Gorwood 2008; Hoflich et al.
2018). Anhedonia is of particular clinical interest as it correlates with poorer treatment
outcomes (Spijker et al. 2001) and heightened risk of suicidality (Winer et al. 2014). Prior
findings suggest that ketamine’s prohedonic effects are associated with increased glucose
metabolism in reward-related brain regions, specifically the ventral striatum (Nugent et

al. 2014; Lally et al. 2015).

At a neurobiological and network level, anhedonia is hypothesised to reflect deficits in
reward circuitry (Gorwood 2008; Argyropoulos and Nutt 2013; Hoflich et al. 2018; Pulcu
et al. 2022). Reward processing relies on coordinated activity across the striatum, insula,
amygdala, thalamus, and dopaminergic mesocorticolimbic regions (Oldham et al. 2018),
enabling adaptive decision-making and goal-directed behaviour (Balleine and O’Doherty
2010). The Monetary Incentive Delay (MID) task is a well-established paradigm for
investigating reward processing, predominantly combined with functional magnetic
resonance imaging (fMRI) (Knutson et al. 2000; Lutz and Widmer 2014; Oldham et al.
2018; Wilson et al. 2018) and has been previously applied in our laboratory (Hahn et al.
2021; Hahn et al. 2025). The MID task consists of two phases: anticipation, when a cue

signals potential reward or loss, and outcome, when the reward or loss is obtained or
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omitted. Anticipation activates regions such as the striatum, insula, thalamus, and
amygdala (Knutson et al. 2000; Oldham et al. 2018; Wilson et al. 2018). Similar regions
are also active during the outcome phase, suggesting overlapping neural circuits in
different stages of reward processing (Knutson et al. 2000; Oldham et al. 2018; Wilson

et al. 2018).

Ketamine, originally developed as an anaesthetic (Domino et al. 1965), elicits rapid
antidepressant effects after a 40-minute subanaesthetic infusion (0.5 mg/kg), with
improvement of depressive symptoms emerging within hours (Berman et al. 2000; Zarate
et al. 2006; Nikolin et al. 2023). While its anaesthetic and psychotomimetic properties
are mediated by NMDA receptor antagonism, antidepressant actions likely involve
downstream mechanisms such as AMPA receptor activation and synaptic plasticity
(Zanos et al. 2016; Zanos et al. 2018; Lumsden et al. 2019; Casarotto et al. 2021).
Ketamine’s pharmacokinetic profile is characterised by rapid distribution, extensive
hepatic metabolism, and an elimination half-life of 2 to 4 h (Mion and Villevieille 2013;
Peltoniemi et al. 2016). Norketamine, the primary active metabolite, peaks around 100
min post-infusion (Zanos et al. 2016) and also exhibits NMDA receptor antagonism,

although with lower affinity than ketamine itself (Ebert et al. 1997; Salat et al. 2015).

While acute modulatory effects of ketamine on reward processing have been observed 40
min post-infusion in healthy subjects (Francois et al. 2016) and 2 h post-infusion in
remitted MDD patients (Kotoula et al. 2022), subacute effects remain underexplored. In
this study, we aim to assess the subacute effects of ketamine (~5 h post-infusion) on
reward circuitry using task-based fMRI during the MID task. Investigating the
intermediate phase may provide unique insights into ketamine’s neuromodulatory effects
following the resolution of acute psychotomimetic symptoms and during the early stages

of synaptic and circuit-level reorganization. Studying healthy participants allows
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investigation of ketamine’s effects on reward processing without the confounds of clinical
symptoms. Based on previous fMRI findings (Francois et al. 2016; Mkrtchian et al. 2021;
Kotoula et al. 2022), we hypothesise that ketamine will increase neural activation in the
striatum during reward anticipation, potentially reflecting its prohedonic properties
(Lally et al. 2014; Nugent et al. 2014; Lally et al. 2015; Mkrtchian et al. 2021; Nogo et

al. 2022; Pulcu et al. 2022).

Methods

Participants

Participants were required to be 18-55 years old, right-handed, in good general and
psychiatric health (based on medical history, physical exam, and structured DSM-5
interview), and able to provide informed consent. Participants were excluded in case of
current or past psychiatric diagnosis, relevant medical illness, pregnancy or breastfeeding,
MRI contraindications, substance abuse, or prior ketamine use. Urine drug screening and

pregnancy testing (in females) were performed at each visit.

Study Design
This study was approved by the ethics committee of the Medical University of Vienna,

Austria (EK 1572/2021) and performed in accordance with the declaration of Helsinki.

The study followed a single-blind, placebo-controlled, crossover design consisting of four
sessions: a screening visit, two experimental sessions (ketamine and placebo in a
randomised order, both including MRI scanning; Figure 1), and an end-of-study visit. At
both MRI sessions, subjects received either placebo (0.9% saline solution) or an infusion
of 0.5 mg/kg racemic ketamine diluted in 0.9% saline solution via a venous catheter using
a continuous infusion pump over 40 min. The study medication (50 mg/mL ampoules;

Hameln Pharma Plus GmbH) was prepared by a medical doctor before each session.
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Participants were observed in a clinical setting for at least 90 min post-infusion until full

recovery from ketamine-induced sedative and dissociative effects.

Ketamine (0.5mg/kg) Placebo (0.9% saline)
40 min fMRI 40 min fMRI
i i + infusion +
infusion 5h MID task A 5h MID task
% I /7 I i
VAS VAS VAS VAS
+ 5DASC (pre-MRI) +5DASC (pre-MRI)
(post-infusion) (post-infusion)

Figure 1. Single-blind, placebo-controlled, crossover design study design. Participants
received either ketamine (0.5 mg/kg, 40-min 1.v. infusion) or placebo (0.9% saline) in
two separate sessions, spaced 2 weeks apart. Following each infusion, subjective drug
effects were assessed using a visual analogue scale (VAS) to assess common ketamine-
related adverse effects and a 5D-ASC questionnaire immediately post-infusion.
Approximately 5 h later, participants underwent fMRI scanning while performing the
Monetary Incentive Delay (MID) task, with VAS ratings collected immediately before

scanning.

Psychometric Measures

Subjective drug effects as experienced during ketamine application were assessed using
the 5-dimensional altered states of consciousness rating scale (5D-ASC), a validated
questionnaire designed to assess altered states of consciousness induced by psychoactive
substances such as ketamine (Dittrich 1998; Studerus et al. 2010). Participants completed
the questionnaire on a tablet in a quiet room under supervision. The 94 items of the 5D-
ASC were scored on a scale ranging from 0 (no experience) to 100 (strongest possible
experience). A total SD-ASC score was computed by summing the scores of all 94 items.
In addition to the SD-ASC, participants completed two brief visual analogue scale (VAS)
assessments to evaluate the duration and intensity of common ketamine-associated

adverse effects, including dizziness, blurred vision, headache, nausea, dry mouth, poor
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coordination, and restlessness. (Murrough et al. 2013). Each of the seven symptoms was
rated individually from 0 (“no symptom™) to 100 (““most severe™), and a total VAS score
was obtained by summing the ratings across all symptoms. VAS assessments were

conducted shortly after infusion stop as well as immediately before MRI scanning.

JSMRI Scanning

Task-based BOLD fMRI scanning was conducted approximately 5 h (mean: 5 h 19 min
+ 6.5 min) after the start of the ketamine infusion. MRI scanning was performed on a 3
Tesla MR Scanner MAGNETOM Prisma, Siemens Medical, Erlangen, Germany). Task-
based fMRI data was acquired using a single-shot gradient-recalled echo-planar imaging
(EPI) sequence with the following parameters: echo time (TE) / repetition time (TR) = 30
ms / 1600 ms, matrix size of 70 x 70 voxels, a field of view (FOV) of 210 x 210 mm, and
a multiband factor of 2. The resulting voxel dimensions were 3 x 3 x 3 mm, with a total
of 48 slices (slice thickness = 3 mm). Preprocessing included conversion of data to NIfTI-
format, physiological noise correction (PESTICA; Shin et al. 2022), motion correction
(SLOMOCO; Beall and Lowe 2014)), slice time correction (SPM12), wavelet despiking
(Patel et al. 2014; Patel and Bullmore 2016), distortion correction (TOPUP; Andersson
et al. 2003), spatial normalisation to MNI space via the mean T1 image across sessions

(SPM12), and spatial smoothing using a 9 mm FWHM Gaussian kernel.

MID Task

During the MID task, participants were instructed to maximise gains and avoid losses
during win, lose, and neutral trials. Each trial began with the presentation of a cue
(anticipation phase) indicating a potential gain or loss (e.g., —1€, +3€). After a variable
delay of 3—5 seconds, a target stimulus appeared (“!”’), prompting participants to press a

button as quickly as possible. If the reaction time was within a predefined time window
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based on their individual average response time determined prior to the scan, the amount
was gained or the loss was avoided; otherwise, the amount was not gained, or the loss
was incurred. Each response was immediately followed by feedback displaying the
outcome and the updated cumulative balance (outcome phase). Unknown to the
participants, odds were manipulated during “win” and “loss” trials by increasing or
decreasing the valid time window for reaction, respectively. The task lasted 10 min and
5 s and consisted of nine blocks presented in randomised order (three gain, three loss,
three neutral e.g., 0 € gambled), comprising a total of 57 trials (3 % 7 gain, 3 % 7 loss, 3 X
5 neutral). Trials were separated by a fixation cross presented for a variable interval of 3—
7 seconds. To maintain attention and enable modelling of reward sensitivity, six different
monetary amounts were used (0.5€, 1€, and 3€ for both gain and loss trials; initial balance:
10€). Monetary amounts were selected to reflect a range of low to high incentives, in line
with previous studies on motivational salience (Knutson et al. 2000; Kotoula et al. 2022).

The final balance (if positive) was paid out to participants at the end of the study.

Pharmacokinetic Analysis

Racemic ketamine (0.5 mg/kg) was administered intravenously over 40 min, and blood
samples were collected at predefined time points (0, 5, 10, 20, 40, 100, and 360 min).
After centrifugation and plasma separation, plasma samples were stored at <—20°C until
analysis. Ketamine plasma concentrations were determined by gas chromatography—
tandem mass spectrometry with multiple reaction monitoring at the Department of
Laboratory Medicine, Medical University of Vienna, Austria. The analytical procedure
was validated in accordance with EMA guidelines (Bioanalytical method validation -

Scientific guideline | European Medicines Agency (EMA) 2011 Aug 1).

Areaunder the curve (AUC) values for ketamine and its primary metabolite, norketamine,

were calculated from model-fitted concentration-time profiles. MATLAB’s SimBiology
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toolbox was used to estimate individual concentration trajectories based on subject-
specific pharmacokinetic (PK) parameters, enabling quantification of systemic drug
exposure by accounting for inter-individual variability in drug distribution and clearance.
The PK analysis was performed using a two-compartment model (central and peripheral)
with two metabolic delay compartments to simulate the conversion of ketamine to
norketamine. The model structure was based on the PK framework described by Kamp
et al. (Kamp et al. 2020), which applied a compartmental approach to account for the
distribution and metabolism of ketamine and its metabolites. Parameter estimation was
carried out using nonlinear mixed-effects modelling (NLME) in SimBiology
(MATLAB). Individual pharmacokinetic parameters such as clearance (CL), volume of
distribution (Veentral, Vperipheral), and inter-compartmental transfer rates (Q) were estimated
from the model based on the observed concentration-time data. Model validation
involved visual comparison of simulated and observed plasma concentrations of both

ketamine and norketamine.

JMRI Analysis and Statistical Modelling

First Level Analysis

At the first level, each participant’s data was modelled using a general linear model
(GLM). Pretrial cues (win/loss/neutral), targets, and feedback (gain/no gain/loss/no
loss/neutral) were modelled separately - with and without parametric modulation by
reward magnitude (absolute value, log- or rank-transformed to test for different neural
response profiles). To control for residual physiological and other sources of noise,
principal components of the white matter and CSF signal time courses were included as

nuisance regressors (CompCor; Behzadi et al. 2007).

In order to capture neural processes associated with the alignment or mismatch between
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anticipated and actual outcomes (Knutson and Greer 2008; Schultz 2016), we additionally
implemented an Expectation—Outcome Congruency contrast as a measure of reward
prediction error. This contrast compared trials in which the actual feedback matched the
expected outcome (congruent: potential win/loss was signalized and coincided with
feedback “win” or “loss”) versus trials where the outcome violated expectations
(incongruent: no gains/no losses), thereby extending the traditional MID analysis beyond
separate anticipation and outcome. We speculated that psychopathologies (e.g. MDD),
their symptoms (anhedonia), and substances affecting reward circuitry (ketamine) might
influence not only specific aspects of win and loss processing (e.g. the time window in
which positive or negative feedback is received) but also the evaluation of outcomes
relative to expectations — that is, how “best” or “worst” anticipated outcomes are

perceived compared with the actual experience.

Second Level Analysis
Region of Interest (ROI)-based Analysis

We conducted a literature-driven, a priori ROI-based analysis, focusing on key brain
structures implicated in reward and salience processing, including the striatum, nucleus
accumbens (NAc), insula, amygdala, and thalamus (Knutson and Greer 2008; Dugré et
al. 2018; Oldham et al. 2018; Jauhar et al. 2021; Chen et al. 2022). ROIs were
anatomically defined using the Automated Anatomical Labeling 3 (AAL3) atlas (Rolls et
al. 2020). For each ROI, contrast estimates (beta values of the first level analysis) were
extracted and analysed using linear mixed-effects models in MATLAB to examine the
influence of ketamine exposure, subjective drug experience, and covariates on ROI

activation.

The primary model specification was:
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BROI ~ drugketamine,placebo + ketLleUC to MID/2 + SeXm f +age +

measurement, , + drugOrder, , + fiveDASC + (1 | subject)

Here, ketLvl represents the area under a piecewise linear approximation of individual
ketamine exposure up to half the task duration (z-scored within the ketamine condition,
otherwise zero, to avoid collinearity with the drug conditions). fiveDASC reflects
subjective drug experience (5D-ASC, z-scored within each condition). A random

intercept for subject was included to account for repeated measures.

Whole-Brain Analysis

In addition to the ROI-based approach, on an exploratory basis, the same first-level
contrasts were entered into second-level whole-brain analyses using a flexible factorial
design in SPM12. The model accounted for drug (placebo/ketamine), measurement, order
of drugs (to account for potential carry-over and/or habituation effects), and enabled the
testing of main and interaction effects using F- and t-tests. Findings were considered

signiﬁcant if Puncorr <0.001 and PFWE, cluster <0.05.

Results

A total of 36 healthy subjects completed the study. After excluding subjects with either
excessive head motion during MRI scanning, missing plasma concentration values or
irregular ketamine plasma concentration curves (e.g. peak plasma concentration 20
minutes prior to end of infusion), 28 participants (15 females, mean age 23.6 + 3.8 years)

remained eligible for analysis.

Pharmakokinetic Data
Ketamine plasma levels increased rapidly after infusion, peaking at approximately 40

min, i.e., end of infusion (Figure 2A, Table 1,), while norketamine concentrations

74 1



bioRxiv preprint doi: https://doi.org/10.1101/2025.09.10.675318; this version posted September 13, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

increased more slowly, consistent with the expected metabolic conversion over time
(Figure 2B, Table 2). AUC values for ketamine and norketamine plasma concentration
curves were calculated up to half the task duration (5 h 14 min + 6 min) using a two-
compartment PK model (SimBiology, MATLAB) and model-fitted concentration-time

profiles (Figure 3).

Time (min) Ketamine Mean Ketamine SD Ketamine Min Ketamine Max
(ng/ml) (ng/ml) (ng/ml) (ng/ml)

0 0.0 0.0 0.0 0.0

5 39.08 31.01 8.08 166.7

10 73.05 40.62 32.43 186.44

20 115.01 52.48 58.55 285.85

40 165.19 41.81 111.26 297.0

100 67.18 12.09 46.21 91.27

360 17.19 4.61 8.2 26.05

Table 1. Plasma concentrations of ketamine (n = 28). Mean, standard deviation,
minimum, and maximum plasma levels of ketamine at each time point following a 40-

minute intravenous ketamine infusion (0.5 mg/kg, infusion start = Omin).

Time (min) Norketamine Mean | Norketamine SD | Norketamine Min | Norketamine Max
(ng/ml) (ng/ml) (ng/ml) (ng/ml)

0 0.0 0.0 0.0 0.0

5 0.0 0.0 0.0 0.0

10 1.93 2.49 0.0 6.58

20 15.4 9.89 6.84 49.35

40 45.63 18.68 24.04 101.88

100 70.85 17.43 41.79 102.78

360 44.4 13.06 26.83 75.12

Table 2. Plasma concentrations of norketamine (n = 28). Mean, standard deviation,
minimum, and maximum plasma levels of norketamine at each time point following a 40-

minute intravenous ketamine infusion (0.5 mg/kg, infusion start = Omin).
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Figure 2. Plasma concentration—time curves of ketamine (A, blue) and norketamine (B,
green) following a 40-min intravenous infusion of racemic ketamine (0.5 mg/kg). Each
line represents an individual subject (n = 28). Ketamine concentrations peak at infusion

stop, while norketamine shows a delayed peak due to metabolic conversion.
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Figure 3. Piece-wise, linearly fitted plasma concentration—time curves for ketamine (A)
and norketamine (B) following a 40-min intravenous infusion of racemic ketamine (0.5
mg/kg). Symbols (open circles) represent individual data points and mean + SD (crosses

with error bars), while solid lines depict the pooled pharmacokinetic model fit.

Subjective Effects
SD-ASC and VAS scores were available for 27 of the 28 subjects. Total 5SD-ASC scores

were significantly elevated during ketamine visits (2969.8 + 1363.3) compared to placebo

visits (251.6 = 406.1; paired t(26) = 10.09, p < .0001, Cohen’s d = 2.67; Figure 4),
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indicating pronounced subjective drug effects during ketamine sessions. VAS scores
immediately post-infusion were also significantly higher (281.5 = 72.2) compared to
placebo (32.8 £ 51.5; paired t(26) = 16.49, p <.0001, Cohen’s d = 3.93). During ketamine
sessions, VAS scores decreased substantially from immediately post-infusion (281.5 +
72.2) to just before MRI scanning (35.3 +43; paired t(26) = 18.5, p <.0001, Cohen’s d =
4). Nevertheless, compared to placebo sessions (9.3 £ 19.1), VAS scores just before MRI
remained significantly higher during ketamine sessions (median difference = 26;
Wilcoxon signed-rank test: V = 189, p = 0.0018; Figure 5). Distributional checks
confirmed use of paired t-tests for SD-ASC and VAS post-infusion, while non-normal

pre-MRI VAS differences were analysed with the Wilcoxon signed-rank test.

5D-ASC Total Scores
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Figure 4. Subjective drug effects measured via the 5-dimensional altered states of
consciousness rating scale (5D-ASC) questionnaire (n = 27). Total 5D-ASC scores post-
infusion for the ketamine and placebo conditions. Bars represent mean + standard

deviation. Asterisks indicate significant differences (**p < .01, ****p <.0001).
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Figure 5. Visual analogue scale (VAS) ratings of common ketamine-associated adverse
effects for the ketamine and placebo conditions (n = 27). Ratings were obtained shortly
after infusion stop (post-infusion) and immediately before MRI scanning (pre-MRI). The
assessed symptoms included dizziness, blurred vision, headache, nausea, dry mouth, poor
coordination, and restlessness (Murrough et al. 2013). Bars represent mean + standard
deviation. Asterisks indicate significant differences between conditions (**p <.01, ****p
< .0001). Group differences were tested with paired t-tests (VAS Post-Infusion) or
Wilcoxon signed-rank tests (VAS Pre-MRI).

MID Task Performance
Reaction times during the MID task did not significantly differ (a = 0.05) between

ketamine and placebo condition ( £p1aceno = 338 MS, tretamne = 352 ms, p = 0.07,

paired t-test; balancepqcepo = 15.82 €, balanceyerqmine = 15.51 €, p=0.78, paired t-

test) (Figure 6). Normality tests confirmed that assumptions for the paired t-test were met

(all p>.05).
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Figure 6. Mean reaction times during the MID task did not significantly differ between

ketamine and placebo sessions, irrespective of session order.

JSMRI Analysis

First Level Analysis

At the single-subject level, contrasts for anticipation, feedback (win, no-win, loss, no-
loss), and Expectation—Outcome Congruency elicited robust activation patterns.
Representative first-level statistical maps (Figure 7) illustrate engagement of reward- and

salience-related regions.
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Figure 7. Exemplary first level whole-brain activation maps (puncorr < 0.001 shown) for
feedback “success” (win or loss prevented) during the MID task under ketamine (left)

and placebo (center) and expectation-outcome-congruency (right, placebo condition).

Second Level Analysis
ROI-based Analysis

ROI analyses focused on the amygdala, insula, NAc, striatum, and thalamus, based on
their well-established role in reward and salience processing (Knutson and Greer 2008;
Dugré¢ et al. 2018; Oldham et al. 2018; Jauhar et al. 2021; Chen et al. 2022). For each
ROI, first level contrast estimates (beta values) were extracted and analysed using linear
mixed-effects modelling in MATLAB to assess the influence of drug condition (ketamine
vs. placebo), individual ketamine exposure (modelled as AUC until task onset), and
subjective drug experience (5D-ASC scores). No significant main effect of drug condition
was observed for any ROI. In the thalamus, a significant positive association between
5D-ASC scores and BOLD activation was found (p =0.013). However, given the absence
of drug effects and multiplicity adjustments this association may represent a false

positive.
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Whole-Brain Analysis

Since the ROI-based analysis did not yield any significant results, we conducted an
exploratory whole-brain analysis. Group-level statistical analysis was performed using a
flexible factorial design in SPM12, which accounted for within-subject variability in the
crossover design. Neither the main effect of drug condition (difference between ketamine
and placebo measurement) nor exploratory F-contrasts for other factors revealed
significant differences in BOLD activation. Additional exploratory models testing
alternative parametrizations of monetary reward (reward magnitude, rank, or log
magnitude) and feedback- or anticipation-only phases also yielded no detectable
substance effects. However, exploring each substance individually, spatially coherent,

significant activation patterns were found (Figure 8).
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Figure 8. Group-level whole-brain activation maps (puncorr < 0.001 shown) for feedback
“success” (win or loss prevented) during the MID task (left) and expectation-outcome-
congruency (right). Activation shown was modelled without parametrization of amount
gambled. Placebo condition statistics are displayed in blue, ketamine’s in red. Additive

overlay blending was used for emphasis of spatial overlap between conditions.
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Discussion

Ketamine administration 5 h prior to scanning did not significantly alter reward-related
brain activation during the MID task at either the ROI or whole-brain level.
Pharmacokinetic modelling confirmed expected ketamine and norketamine concentration
profiles, but neither individual drug exposure (AUC) nor subjective experience correlated

with neural activation.

Our ROI-based analysis focused on the striatum, NAc, thalamus, insula, and amygdala.
These regions were selected based on meta-analytic evidence identifying them as core
neural substrates of reward and loss anticipation (Knutson and Greer 2008; Dugré et al.
2018; Oldham et al. 2018; Jauhar et al. 2021; Chen et al. 2022). While the insula,
amygdala and thalamus are widely associated with motivational salience (Seeley et al.
2007; Menon and Uddin 2010; Oldham et al. 2018), the striatum, particularly the NAc,
has been linked to reward magnitude (Knutson et al. 2001; Costumero et al. 2013), reward
sensitivity (Carter et al. 2009; Hahn et al. 2009; Costumero et al. 2013) and the subjective
experience of motivation (Knutson et al. 2001). Striatal hypoactivation, particularly
within the NAc, is consistently observed in depression during reward anticipation and
feedback (Pizzagalli et al. 2009; Smoski et al. 2009; Zhang et al. 2013; Admon and
Pizzagalli 2015) and is considered a neural correlate of anhedonia (Szczepanik et al. 2019;
Borsini et al. 2020). Given ketamine’s proposed prohedonic effects (Lally et al. 2014;
Nogo et al. 2022; Pulcu et al. 2022), we hypothesised that it might modulate activity
within these ROIs during the MID task. Our Expectation-Outcome Congruency contrast
was designed to capture neural activity related to outcome monitoring and reward

prediction errors, processes essential for adaptive learning and frequently impaired in

MDD (Schultz et al. 1997; Pizzagalli et al. 2009; Smoski et al. 2009).

Our findings provide further information on the temporal effects of ketamine on reward
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processing when combined with previous studies. Kotoula et al. reported increased
activation of the NAc, putamen, insula, and caudate in remitted MDD patients
approximately 2 h post-infusion during the feedback phase of the MID task, though only
in ROI analyses (Kotoula et al. 2022). Francgois et al. reported attenuated ventral striatal
response during reward anticipation in both humans and rodents within 40 min post-
infusion (Francois et al. 2016). While these findings may initially appear divergent, they
likely reflect differences in timing. Both studies assessed participants in the acute post-
infusion phase (40min and 2h post-administration), when plasma concentrations of
ketamine and norketamine were near their peak levels and NMDA receptor antagonism
ongoing (Zanos et al. 2018; Kamp et al. 2020). Francois et al. captured the acute phase
near peak NMDA receptor blockade, whereas Kotoula et al. examined a slightly later
window when acute psychotomimetic effects had subsided but receptor-level modulation
was likely ongoing (Duman et al. 2016; Zanos et al. 2016; Zanos et al. 2018; Kamp et al.

2020).

Our scanning time point (~5 h post-infusion) corresponds to a subacute
pharmacodynamic phase. This period occurs after the resolution of acute
psychotomimetic symptoms (Ballard and Zarate 2020; Tashakkori et al. 2021) and
coincides with the onset of antidepressant effects in MDD (Berman et al. 2000; Zarate et
al. 2006). Mechanistically, this window is thought to involve glutamate-driven synaptic
strengthening and circuit-level reorganisation, mediated by AMPA receptor activation,
BDNF release, and mTOR signalling (Li et al. 2010; Duman et al. 2016; Zanos et al.

2016; Zanos et al. 2018; Duman et al. 2021).

Pharmacokinetic and pharmacodynamic data indicate that ketamine’s NMDA receptor
antagonism peaks rapidly after administration and declines over several hours, consistent

with a plasma elimination half-life of approximately 2 to 4 h (Mion and Villevieille 2013;
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Peltoniemi et al. 2016). Preclinical evidence suggests that ketamine may continue to block
NMDA receptors for up to 24 h due to trapping mechanisms (Ma et al. 2023).
Norketamine is eliminated more slowly and maintains high plasma concentrations more
than 5 h after infusion (Quibell et al. 2011; Mion and Villevieille 2013). By the time of
our scan (~5 h post-infusion), NMDA receptor blockade has likely subsided (Zanos et al.
2018; Kamp et al. 2020), and secondary metabolites such as hydroxynorketamine
predominate (Zanos et al. 2018). Although these metabolites are implicated in the
sustained antidepressant effects of ketamine (Zanos et al. 2016), their immediate impact
on task-evoked BOLD responses during reward processing remains unclear (Lally et al.

2014; Zanos et al. 2016).

The temporal mismatch between the peak of receptor-level effects and our task window
may account for the absence of robust effects in our dataset. Ketamine’s effects on reward
circuitry in healthy subjects may be time-specific, with fMRI alterations most reliably
detected during the acute post-infusion window (<2 h) when NMDA receptor antagonism
and dissociative effects are most pronounced (Lally et al. 2014; Francois et al. 2016;
Kotoula et al. 2022). By approximately 5 h, when pharmacokinetics shift toward
downstream metabolites and behavioral normalisation occurs, ketamine's influence on
reward processing may become more subtle, potentially manifesting through longer-term
plasticity mechanisms rather than immediate modulation of task-related neural activity
(Li et al. 2010; Duman et al. 2016; Zanos et al. 2016; Zanos et al. 2018; Duman et al.
2021). This intermediate state may therefore represent a transitional pharmacodynamic
window between acute receptor-level effects and sustained synaptic changes. Future
studies using denser temporal sampling across acute (<2 h), intermediate (3—6 h), and

later phases (24—72 h) could map evolving neural effects of ketamine more precisely.

It is also conceivable that the absence of ketamine-induced neural effects in our healthy
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cohort may result from baseline differences from MDD patients (Kotoula et al. 2022).
MDD is associated with deficits in reward processing, including attenuated striatal and
prefrontal responses (Zhang et al. 2013; Ng et al. 2019) and ketamine may differently
modulate reward processing in individuals with pre-existing reward dysfunction. Indeed,
ketamine-induced striatal activation has been reported in depressed individuals (Lally et
al. 2014; Kotoula et al. 2022), though some studies have also reported ketamine-induced
effects in healthy subjects (Francois et al. 2016; Mkrtchian et al. 2021). Mkrtchian et al.
further demonstrated diagnosis-specific connectivity changes 48 h post-infusion, with
ketamine normalising fronto-striatal connectivity in MDD but shifting it in healthy
controls toward patterns typical of unmedicated MDD (Mkrtchian et al. 2021). These
divergent effects suggest that ketamine may restore dysfunctional circuits in depression
but disrupt the same networks in healthy individuals, consistent with state-dependent
modulation (Reed et al. 2019; Mkrtchian et al. 2021). Evidence indicates that ketamine
transiently induces symptoms related to impaired motivation in healthy participants
(Driesen et al. 2013; Pollak et al. 2015), further implicating that the direction of

ketamine’s effects on reward circuitry may be state-dependent.

Limitations

Several limitations should be considered when interpreting these findings. First, our study
included healthy subjects only. The lack of a substance effect on contrasts tested may not
translate to clinical populations with pre-existing reward dysfunction, such as MDD
patients. Second, the timing of the fMRI task (~5 h post-infusion) could have missed the
window in which ketamine exerts its most pronounced effects on reward processing.
Although this time point was chosen to investigate subacute changes relevant to sustained
antidepressant mechanisms, it may have fallen into a transitional pharmacodynamic state
in which neither acute pharmacological effects nor long-term synaptic changes were
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sufficiently pronounced to produce detectable BOLD signal differences. Denser temporal
sampling across acute, intermediate, and later phases would be necessary to fully capture
the evolving neural effects of ketamine. Third, while we modelled individual ketamine
exposure using AUC values up to task onset, we did not directly assess plasma
concentrations of downstream metabolites such as (2R,6R)-hydroxynorketamine at the
time of scanning. AUCs may further not sufficiently characterise the complex

pharmacokinetics and -dynamics, especially, to model individual (perceived) response.

Finally, limitations in effect size sensitivity should be acknowledged. Whole-brain
models estimated 322 to 366 resolution elements for the calculated contrasts, which are
equivalent to adjusted type-I error probabilities ranging from 1.6e-4 to 1.4e-4 on voxel
level. With 28 participants, six covariates, a power of 0.80, and a reliability of r = 0.21
(Demidenko et al. 2024 July 9) this would require detectable effect sizes of around f =
0.69 / d = 1.38 under repeated-measures ANOVA assumptions. Under the same
assumptions, testing a single ROI would require a detectable effect size of f=0.37/d =
0.74. Since many different models and contrasts were calculated in the current work, these
figures should be interpreted as rough estimates. Effect size calculations were performed
in G*Power 3.1.9.7 (ANOVA: Repeated measures, within factors). While these estimates
made it unlikely that effects would be detected at the voxel level, the usually more liberal
cluster-level or ROI analyses might have detected sufficiently strong neural effects of

ketamine.

Conclusion

We observed no significant drug-related effects on reward processing during the MID
task in healthy participants five hours after ketamine infusion. These findings combined
with previous literature suggest that ketamine’s effects on reward circuitry are time-

sensitive and potentially most prominent during the acute post-infusion phase (<2 h)
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(Lally et al. 2014; Francois et al. 2016; Kotoula et al. 2022). The 5 h post-infusion time
point may reflect a transitional pharmacodynamic window, in which receptor-level
effects have diminished but sustained synaptic changes have not yet fully developed. In
this state, ketamine’s influence on anticipation- and feedback-related activation, as well
as the Expectation—Outcome Congruency contrast, may be too subtle to detect. Moreover,
ketamine’s neural effects may be state-dependent, with more robust modulation emerging
in individuals with pre-existing reward system dysfunction, such as MDD patients (Lally
et al. 2014; Kotoula et al. 2022; Nogo et al. 2022). Future studies should integrate
longitudinal designs with denser temporal sampling across acute, intermediate, and later
phases, and explicitly compare healthy and clinical cohorts to further characterise

temporal dynamics and state-dependence of ketamine’s effects on reward processing.
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Abstract

Ketamine exerts rapid-acting, pro-hedonic effects, yet its precise mechanism remains elusive. Here, we
present behavioral and fMRI data from a randomized, placebo-controlled crossover study in 38 healthy
participants investigating ketamine’s sub-acute effects on multivariate information-processing during
music-evoked peak hedonic experiences. Leveraging information-theoretical measures, our findings
indicate that hedonic experiences depend on a distinct global (as measured by O-Information) and local
(as measured by integrated information) balance between redundant — information shared across nodes
—and synergistic — information emerging from joint interactions — processes. As hedonic intensity rises,
neural dynamics shift toward greater synergy; with the one exception of a deliberate increase in
redundancy particularly for key sensory information to ensure reliable transmission of and access to
critical external information for subsequent hedonic processing. In contrast, ketamine’s sub-acute pro-
hedonic effects arise potentially from enhancing redundant dynamics at rest, boosting the brain’s
capability to robustly represent and access critical internal information, and thus, fostering an
environment optimized to amplify the phenomenological hedonic experience, while simultaneously
allowing for more efficient information integration.

Introduction

The hedonic experience is a fundamental aspect of mental health, and its disruption, called anhedonia,
is a core symptom of many psychiatric disorders, including depression, schizophrenia, and substance use
disorder!3. Addressing anhedonic symptoms specifically is critical for improving treatment outcomes*”’
and offers the potential for more effective therapies, as emphasized by the National Institute of Mental
Health (NIMH), which declares anhedonia as a key focus of its research domain criteria framework®. One
particularly promising intervention for anhedonia is ketamine, which garnered significant attention for
its rapid-acting pro-hedonic effects over the past decade®. Administered at a subanesthetic dose,
ketamine alleviates depressivel®'? and anhedonic'®** symptoms within hours. However, the neural
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mechanisms underlying these effects remain elusive, as much of the existing research relies on post-hoc
self-report questionnaires that fail to capture real-time changes in hedonic processing. Since the
hedonic experience is thought to emerge from the orchestrated interplay of various cortical and
subcortical regions!>7see 18 forareview information theory, a framework that conceptualizes the brain as a
multivariate information processing system, serves as a particularly powerful tool for studying these
interactions. Thus, combining real-time assessments of hedonic processing with insights from
information theory offers a promising avenue to deepen our understanding of the hedonic experience
itself and illuminate how ketamine shapes neural dynamics to enhance hedonic experiences.

Higher-order information integration, arising from interactions that span more than two brain regions, is
a key feature of brain function. Two complementary forms of integration — synergy and redundancy —
offer valuable insights into these multivariate dynamics®®. Synergy refers to information that emerges
solely from the joint activity of multiple regions and cannot be found in any single region alone, thus
facilitating more efficient information processing?. However, since it depends on the coordinated
contribution of these regions, synergistic information is fragile and can be easily lost if even one
contributing region is disrupted. In contrast, redundancy indicates information that is duplicated across
regions, ensuring robust representation of critical information. Both synergy and redundancy play
crucial roles in behavioral and cognitive task performance?"?2, with evidence suggesting that an optimal
balance between the two is necessary for effective functioning. Together, they reflect a fundamental
trade-off in the brain’s integration strategies, balancing the adaptability of emergent information
processing with the reliability of robust information representation.

Recent methodological advances have begun to make these higher-order interactions accessible to
empirical investigation, each with their own distinct strengths and limitations?>2°. One such approach,
known as information about organizational structure (O-Information)?3, provides a simple way to assess
whether the information within a large set of brain regions is dominated by redundancy (positive O-
Information) or synergy (negative O-Information). While O-information does not explicitly separate these
components, it summarizes their balance, providing insights into the dominant mode of multivariate
interdependence in a system. On the other hand, whole-minus-sum integrated information (®VM®)* can
be utilized to investigate how integrative hedonic processes evolve over time. More specifically, V™S
examines how brain regions coevolve over time by assessing whether the joint activity of the regions (the
"whole") is better at predicting their combined future than the individual regions (the "parts") are at
predicting their own. While ®WM™* provides crucial insights into integration dynamics, the recently
developed integrated information decomposition (®ID) framework? offers a more intuitive
interpretation by allowing ®"Y™® to be decomposed into its two key components: ®® and redundancy (rtr)
(OWMS = @R — rtr). Thereby, OF represents a revised measure of integrated information?®, capturing all
synergistic temporal processes as well as information that is transferred from one region to another. In
contrast, rtr quantifies whether shared information between regions persists over time, reflecting
redundant information storage across brain areas. Thus, positive ®"“™* values indicate that synergistic and
transfer processes dominate the temporal dynamics, while negative values suggest that redundant
processes outweigh synergistic ones. By disentangling these components, ®ID offers a deeper
understanding of the mechanisms driving temporal information integration during neural processing.
Leveraging these complementary measures (O-Information, ®"™S, and its constituents, ®® and rtr)
provides a unique opportunity to overcome the limitations of each measure individually, shedding light
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on how distributed brain areas coordinate to give rise to the hedonic experience and how these processes
may be modulated by interventions such as ketamine.

To do so, the present study recorded fMRI data during a hedonic task involving self-selected music, a
potent and personalized stimulus capable of reliably inducing peak hedonic experiences?=32, While
ketamine’s effects are typically studied in clinical populations suffering from anhedonia, this study focused
on a healthy population to minimize confounds such as comorbidities and prior treatment effects. This
allowed us to probe the following 4 hypotheses regarding information dynamics underlying the
emergence of a hedonic experience in general:

H1: We hypothesized that ketamine would exert measurable pro-hedonic effects in the healthy
population.

H2: Given the inherently emergent nature of hedonic experiences — which rely on the integration of both
external (e.g., sensory perception) and internal (e.g., cognitive and affective) information3? — we
hypothesized that hedonia arises from enhanced synergistic information integration. Specifically, we
expected to observe shifts in both O-Information and ®WY™* measures toward greater synergy during
hedonic states.

H3: Furthermore, we hypothesized that ketamine would generally shift neural information dynamics
toward greater synergistic integration, promoting a neural state more conducive to the emergence of
intense hedonic experiences.

H4: Finally, because hedonic experiences depend on the sustained integration of internal and external
inputs over time, we hypothesized that hedonic states would be characterized by a tendency to maintain
a highly synergetic state over time.

Results

Ketamine increases hedonic response across multiple dimensions

To reliably induce a range of hedonic experiences in a more ecologically valid setting, we designed an
individualized hedonic task (Figure 1A) using self-selected music — a dynamic, real-time stimulation
known to elicit strong affective responses?*=2, During this task, each participant (n = 38) rated their
hedonic responses to 70-second excerpts of 10 songs they found highly pleasurable and 10 songs they
deemed neutral (initial judgment) on three dimensions: valence (emotional value), moving (being
emotionally moved), and chills (perceived chills). The task was performed during fMRI in two sessions:
four hours after ketamine (0.5 mg/kg) and four hours after placebo (0.9% saline) administration (Figure
1B). Each session included eight interleaved 30-second baseline segments to evaluate ketamine's sub-
acute effects on intrinsic neural dynamics at rest throughout the task.

Behavioral results confirmed successful hedonic manipulation across all tested dimensions: positive
songs were considerably more likely than neutral songs to evoke strong responses in valence (Odds
Ratio [OR] = 116.08, p < 0.01, Bonferroni-adjusted a = 0.016), moving (OR = 219.68, p < 0.01), and chills
(OR =114.05, p < 0.01) (see Tables S1-S3). As hypothesized (H1), ketamine further enhanced hedonic
responses across all three tested dimensions, increasing valence (OR = 1.36, p < 0.01), amplifying moving
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(OR=1.31, p <0.01), and markedly enhancing chills (OR = 1.60, p < 0.01). Based on prior model
comparisons, no interaction term between treatment (ketamine vs. placebo) and initial judgment
(positive vs. neutral) was included in the mixed ordinal regression, suggesting that ketamine promotes a
richer and more complex affective and physiological response regardless of the stimulus' initial
emotional connotation.
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Figure 1. Hedonic task and study design.

(A) Example of one music trial during the hedonic task. With eyes closed, participants listened to a 70-
second excerpt from either one of their self-selected 10 most pleasurable songs or 10 neutral songs.
After each excerpt, they rated the quality of the evoked hedonic experience along three dimensions:
moving, chills, and valence. The task was divided into two runs, each consisting of 9-12 music trials and
four interleaved 30-second eyes-closed baseline (resting) segments. Numbers beneath pictograms
indicate the duration of each section in seconds. (B) 38 healthy participants (18-55 years) completed a
randomized, single-blind, placebo-controlled, cross-over study. Each underwent two fMRI sessions,
separated by at least two weeks. Four hours before scanning, participants received either a placebo or
0.5 mg/kg racemic ketamine (40-min infusion), with arm allocation randomized. During each session,
they performed the hedonic task.

Music perception and intense hedonic experiences shift global information processing toward synergy

Having established that ketamine does indeed increase all dimensions of the hedonic experience in
healthy individuals, we turned to the question of whether hedonic experiences shift the global balance
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in information integration toward synergy. To do so, preprocessed BOLD data (n = 32) was parcellated
into 116 cortical®® and subcortical® regions, and averaged O-Information values for each music trial and
baseline segment were calculated, yielding one value per music trial and baseline segment per subject.

Importantly, our hypothesis (H2) is based on an implicit assumption: when engaging with a dynamical,
sensory-rich stimulus such as music, the brain should already naturally shift toward more synergistic
dynamics compared to rest, as it requires continuous integration across time. To test this, we fitted a
linear mixed-effects model with the O-Information values of the music trial and baseline segments as
dependent variables, including fixed-effects regressors for music perception (music vs. baseline),
treatment (ketamine vs. placebo), and a random intercept for each participant. Three key findings
emerged. First, the brain in its natural state exhibited a highly redundant organization during rest (O-
Information = 32.26 nats; see Table S4). Second, during music processing, O-Information shifted
significantly toward synergy compared to baseline (standardized beta (8stang) = -0.11, SE = 0.04, t(1748) =
-2.46, p = 0.01, Bonferroni-adjusted a = 0.025). Third, ketamine did not affect global information
dynamics (Bstang = 0.02, SE = 0.04, t(1748) = 0.49, p = 0.62), which was further validated using exclusively
the baseline segments (see Table S5).

To examine whether the intensity of subjective hedonic experiences during music stimulation was
associated with changes in global neural dynamics, we fitted another linear mixed-effects model,
including treatment (ketamine vs placebo) and hedonic intensity (moving rating) as predictors, with a
random intercept for participants. Consistent with our hypothesis (H2), we found that more intense
hedonic experiences were associated with a greater shift toward global synergistic processing (8stand = -
0.07, SE=0.02, t(1230.9) =-3.02, p < 0.01) (see Table S6). Again, ketamine did not significantly alter
global information dynamics during music perception (8stns = 0.05, SE = 0.05, t(1222.2) = 1.10, p = 0.27),
suggesting that despite global dynamics shifting in response to the phenomenological experience, the
global dynamics during music processing remained unaffected by the neuromodulatory effects of
ketamine.

Ketamine, at rest, induces widespread shifts toward redundancy, whereas the hedonic experience
induces local shifts toward both synergy and redundancy.

While O-Information provides valuable insights into higher-order information dynamics of large-scale
systems, it does not explicitly capture how past neural activity shapes future dynamics — a critical aspect
of music-evoked hedonic processing®2. To address this, we used ®“™®, 3 measure of dynamic
information integration, to track changes in neural integration over time and identify central hubs
involved in hedonic processing. Time-delayed mutual information terms were calculated for each run
and then averaged within each trial window to produce mean ®WM* matrices®, reflecting time-averaged
information dynamics across all pairs of brain regions. To identify changes in neural processing
associated with the subjective intensity of the hedonic experience, we analyzed shifts in ®Y™* using a
modified version of the network-based statistic (NBS) algorithm3®3’, capable of detecting clusters with
both positive (synergy-increasing) and negative (redundancy-increasing) edges simultaneously.

A highly localized cluster (pswer < 0.01) associated with the main effect of the subjective hedonic
experience was identified, comprising 109 positive (0"“V**) and 68 negative (0"M*) edges (see hedonic
cluster in Figure 2A). More specifically, interactions shifting toward greater synergy increased markedly
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within and between the parietal lobe, frontal, and temporal regions, as the intensity of the hedonic
experience grew. Strikingly, over one-third (38 of 109) of the synergy-increasing edges involved the
insula, pointing to its central role as a hub of interoceptive integrative processing®2. In contrast, a
majority of the redundancy-increasing edges emerged between subcortical and frontal structures. The
most prominent hub in this subnetwork was the globus pallidus, appearing in 19% of all redundancy-
increasing edges. This subcortical region increased redundant, that is, stable interactions with a broad
range of areas, including the nucleus accumbens, putamen, insula, and orbitofrontal cortex. Notably, as
the hedonic experience intensified, joint information dynamics between the auditory cortex and regions
such as the insula, prefrontal cortex, and thalamus, became increasingly redundant, suggesting a more
stable relay of auditory content during stronger subjective experiences.
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Figure 2: Hedonic experiences induce local shifts toward both synergy and redundancy

(A) Significant NBS clusters are displayed with increasing edges (®“™**) and decreasing edges (O"“M*) for
all pairs of regions separately. Edges are visualized both using a chord diagram (upper panel) and in a
glass brain (lower panel) for each of the cluster solutions: the hedonic cluster, the ketamine trial cluster,
and the ketamine baseline cluster. (B) The three panels illustrate the identified three-way interaction
between treatment (ketamine vs placebo), the average activity of the hedonic cluster, and the average
activity of the baseline ketamine cluster (both measured in nats) in predicting moving experiences. The
interaction is visualized across +1 standard deviation (SD) of the baseline ketamine cluster average.
Below, carpet plots display the distribution of observations across baseline ketamine cluster values for
each treatment. Due to sparse data at the extreme ends (i.e., low baseline values under placebo and
high baseline values under ketamine), the confidence intervals of the inference lines are wider,
complicating visual inference. (C) To address this, this panel presents a clearer visualization of the
interaction: predicted values of moving experience are plotted across the full range of the hedonic
cluster average, separately for two extracted levels of the baseline ketamine cluster (-1 SD under
ketamine, +1 SD under placebo). Vertical solid grey lines indicate the +1 SD range of the hedonic cluster
values; dashed grey lines indicate the +2 SD boundaries. (D) Dominance analysis for the hedonic cluster.
Bars represent the average explained variance of each predictor. (E) Dominance analysis for the drug
logistic model.
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No significant interaction was observed between ketamine administration and moving ratings on neural
integration. However, NBS recovered one significant cluster reflecting changes in information dynamics
specifically attributed to the main effect of ketamine during music perception (79 positive edges; 92
negative edges; prwer < 0.01). This cluster was characterized by a marked shift toward greater redundancy
(®WMS) between frontal and parietal regions, alongside a shift toward greater synergy (©"“™**) between
parietal and occipital areas (see ketamine trial cluster in Figure 2A). The most prominent hub for @WMs*
was the primary sensory cortex, involved in 34% of the synergy-increasing edges. In contrast, the most
frequent hub associated with a shift toward greater redundancy (©"“™*) was the right paracingulate
cortex (14%).

Given that ketamine’s pro-hedonic effects often persist for up to a week after administration and appear
largely independent of the initial valence of the stimulus, enhancing a broad range of experiences, as
supported by both prior literature®®*? and our behavioral findings, we hypothesized that ketamine
induces sustained changes in intrinsic neural dynamics that support its therapeutic action. Thus, testing
ketamine’s effects during music stimulation may be suboptimal for uncovering these mechanisms.
Instead, we conjectured that alterations in the absence of stimulation, that is, during rest, should show a
shift toward greater synergistic processing, and that these fundamental functional alterations may
prime the brain to process subsequent stimuli in a way that enhances the hedonic experience (H3). To
test this, we examined ketamine’s effects on resting dynamics by applying the same NBS analysis to the
mean OV matrices from the interleaved baseline segments, thereby isolating information integration
patterns independent of stimulation (music input). A single significant cluster with a prominent pattern
emerged (pswer < 0.01); 93% of the edges following ketamine administration shifted toward greater
redundancy (O"M*) with 122 negative and only 9 positive edges. This shift toward greater redundancy
was most pronounced between frontal, parietal, and subcortical regions (see ketamine baseline cluster
in Figure 2A).

Ketamine fundamentally reshapes associations between neural integration and subjective experience

Given these findings, we explored the idea that ketamine’s pro-hedonic effects may stem from its ability
to shift resting dynamics toward greater redundancy, enhancing the brain’s ability to reliably access
critical internal representations. Generally, hedonic experiences are shaped by the interplay of external
sensory information, which becomes more robustly represented as the intensity of the experience
increases, and internal cognitive processes, which provide the context and meaning for these
experiences*. Ketamine’s effects on resting dynamics may therefore enhance access to critical internal
information, fostering a neural state that supports more intense hedonic experiences, even when
identical integrative processes are triggered by identical incoming inputs. This, however, suggests a
complex three-way interaction: while greater information integration within the hedonic cluster is
generally linked to stronger subjective experiences, the strength of this relationship may depend on
ketamine's effects on baseline neural dynamics.

To test this, we extracted averaged ®"MS values for each music trial (hedonic cluster) and baseline
segment (baseline cluster) using edge masks derived from their respective NBS cluster results. A linear
mixed model revealed the predicted significant three-way interaction between acute hedonic
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integration, shifts in baseline integration, and treatment (Bstana = 0.17, SE = 0.05, £(1251.29) = 3.14, p <
0.01; Table S7), supporting the idea that ketamine’s effects on baseline dynamics modulate the
relationship between integration and subjective experience. In the placebo condition, the relationship
between greater synergistic integration within the hedonic cluster and stronger hedonic experiences
was unaffected by changes in the baseline cluster (Figure 2B). However, under ketamine, this
relationship was significantly modulated: the ketamine-induced shift toward redundancy enhanced
subjective experiences compared to placebo, even with similar levels of integration within the hedonic
cluster. Figure 2C illustrates this effect more clearly, further showing that as subjective experiences
intensify, the hedonic cluster shifts from redundancy-dominated to synergy-dominated activity.

Opposite patterns of synergy and redundancy shape ketamine-induced effects on the hedonic
experience

In general, changes in @Y™ (e.g., shifts toward synergy) can arise through three mechanisms: (i)
increased synergistic processing (higher ®OF), (ii) reduced redundant processing (lower rtr), or (iii) a
combination of both. To better understand the elementary dynamics driving these observed cluster
effects, we used Integrated Information Decomposition* (DID) to decompose ®WVM* into its two
components: OR (synergistic and transfer processes) and rtr (redundant processes).

Using the hedonic NBS cluster edge masks, we extracted and averaged edge values for each trial,
separating ®"“™*-increasing and ©"“Y™*-decreasing edges. This resulted in four metrics per trial: ®** and
rtr* (the decomposition of the ®"“Ms-increasing edges), O and rtr (the decomposition of the ©WM-
decreasing edges). We then fitted a linear mixed-effects model with all four decomposed dynamics per
trial (O, rtr*, ®F, and rtr) predicting the intensity of the hedonic experience and conducted a
dominance analysis (DA) to assess the relative importance of these metrics in predicting changes in
hedonic intensity®. The linear model shows that all four predictors significantly influence the intensity
of the phenomenological experience, highlighting that hedonic experiences arise from a dynamic
interplay between redundancy and synergy, rather than being driven solely by synergy (see Table S8).
Focusing on the results of the DA reveals that changes in redundancy (rtr) were far more predictive of
the subjective intensity of the hedonic experience than changes in synergy (®F) (see Table S9 and Figure
2D). This was particularly evident in the ®** and rtr* dynamics, for which decreases in redundancy were
more strongly associated with changes in subjective hedonic experiences than increases in synergy.
Thus, while both synergy and redundancy contribute to the emergence of hedonic experiences, the DA
underscores that changes in redundancy play a considerably greater role in shaping these experiences.

Using a similar method, we investigated the dynamics underlying the nearly uniform decrease in ®"WM*
observed at rest after ketamine administration, which amplified the subjective hedonic experience. In
this case, we fitted a logistic regression model with the four metrics (O, rtr*, ®%, and rtr’) to predict
treatment. The model revealed that all four dynamics significantly predicted treatment (see Table S10).
The DA highlighted that the ®F and rtr- metrics — associated with the majority of all significantly shifting
edges after ketamine administration — jointly contributed to the overall shift toward redundancy (see
Table S11 and Figure 2E). Both decreases in synergy and increases in redundancy were consistently
highly predictive of treatment condition across all model subsets. A similar but weaker pattern was
observed for the decomposed dynamics associated with increased ®VM® edges after ketamine.
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The dynamic neural processing signature underlying peak hedonic experiences

Next, we investigated the temporal evolution of information dynamics underlying hedonic experiences,
hypothesizing a universal structure (across treatment) driven by one of two patterns: (i) remaining in or
frequently transitioning to ®WMS* states, or (ii) alternating between ®VM* and ®WMS states, allowing the
brain to flexibly integrate (®WMS*) and share redundant (O"YM%) information to support hedonic
experiences. To test this, we concatenated run-wise @M parcel-by-parcel time courses across
participants and clustered them using a Gaussian mixture model. The optimal model identified 9
clusters: 3 integrative states (exclusively ®WM$*), 3 redundant states (exclusively ®V™%), and 3
intermixed states (a mix of ®WMS* and ®WMS') (Figure 3A). From these brain state time series, we derived
trial-wise transition matrices to quantify how often the brain transitioned between states. Finally, to
explore the relationship between dynamic state switching and subjective experiences (that is, the
moving experience, chills, and perceived valence), we utilized sparse canonical correlation analysis
(ccA).

The analysis revealed a meaningful shared structure between the two data sets (r=0.21, p < 0.01, see
Figure 3B). On the behavioral side, all three measures (moving, chills, and valence) loaded positively
onto the latent dimension, reflecting a unified positive hedonic experience (Figure 3C). On the neural
side, the regularized CCA reduced 81 transition features to 19 non-zero loadings (Figure 3C). The
strongest negative loading corresponded to remaining in state 9, a globally redundant state, while all
other self-transitions were zeroed out, suggesting that sustained occupancy of any single state —
especially a redundant one — is not conducive to the emergence of peak hedonic experiences. Instead,
dynamic switching appears critical. The strongest positive loading reflected transitions from state 6
(integrative) to state 5 (redundant), highlighting a sequence where integration is followed by
stabilization through redundancy. Other key transitions, such as between state 3 (redundant) and state
6 (integrative), further emphasize the importance of the dynamic interplay between integration and
redundancy in shaping hedonic experiences.

107



bioRxiv preprint doi: https://doi.org/10.1101/2025.10.05.680521; this version posted October 6, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

A Synergistic States Redundant States Intermixed States C

Rating Moved-

State |

Rating Chills

&
J

Rating Valcnc

Psychological Measures

State 6

g

State 610 5+
State 2101+

State 102

State 8

State 3 106

Y

State 6103 |

: ' State 910 6
B State 210 3
State 310 1
State 1 104+

=)

State 3102
State 41w |

State Transitions

State 20 8
State bt0.2-|
State 8109 -]

State 3105

State 1o 5+

State 910 7+

Latent Psychological Dimension
; =

]

State 1 108}
State 910 9

IH“ﬂ“ﬂ“ﬂﬂﬂﬂﬂﬂlllll I

-4 -2 1] 2 4 2 1 02
Latent Transition Dimension Loading

Bl
=
L
&.
=
3
=
=
&

Figure 3. Hedonic experiences emerge from dynamic shifts between synergy and redundancy

(A) shows the clustering solution derived from the Gaussian Mixture Model applied to the recorded
neural information dynamics across all participants (n = 32). Among the tested models (7 to 15 clusters),
the optimal solution, based on the lowest BIC, was a 9-cluster model, revealing three distinct types of
states: states characterized exclusively by increased synergy (left), those with increased redundancy
(middle), and intermixed states (right). (B) presents the correlation between hedonic measures and
state transitions within the recovered CCA latent space. (C) displays the canonical loadings from the
Canonical Correlation Analysis (CCA) linking hedonic (psychological) measures and neural state
transitions observed during the music trials. * indicates significance at p < 0.01.

The neurobiological mechanisms underlying changes in information integration

To elucidate the neurobiological mechanisms underlying the main interaction between ketamine-
induced reductions in information integration at rest and the modulation of information integration
during hedonic experiences, we examined the brain's neurotransmitter systems. Specifically, we
assessed whether spatial patterns of neurotransmitter systems align with the dominant integration
changes identified in the NBS analysis. As distinct neurotransmitter systems might differently contribute
to both decreases and increases in information integration, we only focused on the dominant shift of
information integration in each identified NBS cluster. For the hedonic cluster, where ®"“MS* edges
dominated, we averaged the positive NBS edge weights for each node to create region-wise maps
reflecting shifts toward synergy (see Figure 4). Conversely, for the baseline cluster, which was primarily
driven by ®"YM> edges, we averaged the negative edge weights for each node to capture region-wise
shifts toward redundancy. These node-level maps, representing the dominant integration changes
within each cluster, were compared to neurotransmitter and transporter density maps*®, including
serotonin (5-HT1a, 5-HT1b, 5-HT2a, 5-HT4, 5-HT6, and 5-HTT), dopamine (D1, D2, and DAT),
acetylcholine (M1, VAChT, and a4B2), glutamate (mGIuR5 and NMDA), GABA (GABA), histamine (H3),
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cannabinoid (CB1), opioid (MOR), and norepinephrine transporter (NET). In addition, we also conducted
an exploratory analysis to identify neurotransmitter systems that might underlie the ketamine-induced
effects during music perception which is reported in the supplementary material.

Our analysis revealed a significant association between NET density and ®"WMS increases in the hedonic
cluster (r = 0.53, p < 0.01), which survived Bonferroni correction for multiple comparisons (pcorrected =
0.02; see Figure 4). While for the ketamine-induced ®"“™° reductions in the baseline cluster, we found
no significant correlations with any receptor map.
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Figure 4. Synergistic hedonic integration is associated with norepinephrine transporter receptor
density

Ketamine baseline cluster activity (in red) is shown by summing only the edges that increase in
redundancy (OVM*). Hedonic cluster activity (in blue) is shown by summing only the edges that present
a significant increase in synergistic interactions (OWM**). Neurotransmitter receptor and transporter
density maps are depicted in green. For visual purposes, the significantly associated norepinephrine
transporter density map is displayed alongside the hedonic cluster.

Discussion

While ketamine’s therapeutic effects are well-documented, the mechanisms underlying its pro-hedonic
effects remain poorly understood. To address this gap, we developed a novel paradigm using self-
selected music as a dynamic and emotionally rich stimulus to elicit a range of hedonic responses and
applied information theory to characterize the resulting shifts in multivariate neural information
integration. This approach allowed us to track how hedonic experiences unfold over time and how they

11
109



bioRxiv preprint doi: https://doi.org/10.1101/2025.10.05.680521; this version posted October 6, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

are modulated by ketamine, providing a more nuanced understanding of both the hedonic experience
and ketamine’s role in shaping it.

Our behavioral findings in healthy participants extend previous clinical research by showing that
ketamine enhances all facets of the hedonic experience — ranging from deep emotional engagement to
strong physiological responses — regardless of the initial valence of the stimulus. This universal
amplification, even in response to mundane stimuli (e.g., neutral music), may help explain ketamine’s
effectiveness in alleviating severe anhedonia in clinical populations that usually struggle to experience
pleasure in their daily lives.

In the absence of external engagement, the brain’s global organization (as measured by O-information)
is predominantly characterized by redundancy confirming findings from previous studies*”*. Yet,
engagement with a complex stimulus shifts this organization toward greater synergy, reducing
redundancy. This shift becomes even more pronounced during intense music-evoked hedonic
experiences, suggesting that hedonic processing relies on the synergistic interaction of many widely
distributed cortical and subcortical areas. Reminiscent of the brain’s underlying architecture for hedonic
processes, these interactions are potent enough to reshape global information dynamics while
preserving an overall redundant structure, reflecting a nuanced reconfiguration rather than a complete
transformation of global neural dynamics.

So, are hedonic experiences the sole product of increases in synergistic processing, as initially
hypothesized? Our findings suggest otherwise. Implementing ®"™ to analyze the temporal and spatial
coevolution of more fine-grained information dynamics, we found that, in general, the pleasure
response emerges from a localized balance between synergy and redundancy within a distinct hedonic
cluster. Yet, as the hedonic experience intensifies, the overall balance does shift toward a synergy-
dominated state, with the insular cortex emerging as a central hub, consistent with its established role
in sensory integration*. However, primary auditory areas exhibit a different pattern, showing increased
redundant coevolution with the insula, the thalamus, and the fusiform gyrus, a multisensory integration
region involved in auditory emotion evaluation®®>2, The observed redundancy ensures that auditory
signals — the critical incoming information for the subsequently emerging hedonic experiences — are
robustly transmitted to key relay and integration hubs. This pattern suggests that the brain prioritizes
redundancy to safeguard the transmission of behaviorally critical information, making the information
less error-prone and less susceptible to disruption for reliable and stable downstream processing. This
interpretation aligns with neurobiological evidence in humans and animals, which underscores the role
of redundancy in stabilizing essential sensory information®®°3->> and enhancing subsequent behavioral
responses??%°%57_ For instance, studies in animals have shown that more redundant encoding of crucial
sensory information improves subsequent performance in decision-making tasks®®, despite the higher
energy cost of maintaining redundant neural representations. Our decomposition analysis further
supports this notion, revealing that peak hedonic experiences are most robustly predicted by changes in
redundant information processing (as measured by rtr). Considering the substantial energetic costs of
sustaining a highly redundant system, minimizing unnecessary redundancy in large parts of the network
is a logical means of reallocating resources more efficiently toward retaining crucial information that is
indispensable for subsequent processing. This strategy is most evident in the synergy-increasing edges,
which prominently reflect reductions in redundancy between the insula and primary sensory and motor
cortices, with the notable exception of the auditory cortex. In addition, the topology of these changes in
higher-order dynamics was associated with the distribution of norepinephrine transporter receptors,
offering a neurobiologically plausible link between the emergence of a hedonic experience and
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norepinephrine®®, a well-known neurotransmitter involved in modulating arousal, motivation, and
euphoria, and dopamine®, an important neurotransmitter of the reward system

While changes in redundancy are clearly crucial for the emergence of hedonic experiences, the interplay
with synergy is equally important>#®°, as demonstrated by our computational model. Peak hedonic
experiences do not arise from prolonged occupancy of either redundancy or synergy-dominated states,
but from dynamic transitions between the two. Synergy-dominated states enable efficient higher-order
processing of complex information, while redundancy-dominated states stabilize and maintain these
representations over time. This continuous alternation between synergistic integration and redundant
stability may represent a general neural mechanism for balancing flexibility and reliability in ongoing
experiences: redundancy ensures stable and reliable information access, while synergy allows the
system to encode more information than the sum of its individual parts.

How does ketamine now facilitate its pro-hedonic effects? Various theories propose mechanisms such
as changes in neurotransmitter systems®?, relaxation of top-down control®, or neuroplasticity through
synaptogenesis®, but they all converge on a common principle: ketamine must fundamentally alter
neural information dynamics to create a state more conducive to the emergence of hedonic
experiences. The key question, then, is how these effects are facilitated over the therapeutic timeframe.
Are they driven by radical, global shifts in neural dynamics, or by more targeted, localized changes in
information processing? While previous studies have shown that ketamine can indeed induce powerful
global changes in information dynamics®, our results indicate that these effects are limited to the acute
phase, and thus, are unlikely to underlie its long-term pro-hedonic effects. Although ketamine showed
lingering sub-acute effects on localized information dynamics, it did not enhance local information
integration directly linked to the strength of the subjective experience during stimulus processing, as no
interaction effect between intensity of the experience and treatment was found. Instead, our findings
point to a more foundational mechanism: ketamine induces subtle, subacute shifts in resting dynamics,
(almost) uniformly shifting information dynamics toward greater redundancy across its network.
Interestingly, the greater this shift toward redundancy, the stronger hedonic experiences became in
response to the same level of hedonic integration. This shift appeared to result from both increases in
redundancy but also decreases in synergy, with both equally predictive of the intensity of the
phenomenological experience. Just as encoding critical external information more redundantly benefits
subsequent (hedonic) processes, ketamine-induced redundant dynamics at rest may similarly enhance
the brain’s ability to reliably relay and represent critical internal information, which in turn supports the
emergence of stronger hedonic experiences. This aligns with the idea that hedonic experiences are
shaped by both the properties of external stimulation and internal cognitive processes. As basic research
has shown, the intensity of a hedonic experience significantly increases when the stimulus is embedded
in a rich context with a wide range of knowledge-related or personal associations®>®®, Robust and
widespread access to this internal information is therefore crucial. Ketamine’s long-term pro-hedonic
effects likely stem from its ability to enhance the reliable representation of (critical) internal
information, creating a neural environment optimized for subsequent hedonic processing.

As it is the case for all studies, our work is not without limitations. First, instead of using a classical
resting-state scan that is recorded for multiple minutes and detached from the task, we employed
interleaved resting periods throughout the task. Although unconventional, these interwoven periods,
with eyes closed and no task instructions, were necessary to better link changes in default information
dynamics to increased subjective experiences during task engagement. Notably, there is already some
prior evidence showing that ketamine increases redundancy in resting-state dynamics®”%, providing
additional support for our hypothesis. Second, while the use of self-selected music may have introduced
variability across participants, it was crucial for eliciting strong hedonic experiences tailored to the
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individual. Nonetheless, our within-subject design, combined with linear mixed models, ensured robust
and reliable results despite this variability. Finally, our conjecture that ketamine’s pro-hedonic effects
arise from its impact on intrinsic dynamics at rest, enhancing access to internal information, can be
easily tested in future studies by examining whether these effects diminish as redundancy returns to
baseline and whether this improved access to internal information enhances performance in other tasks
as well for which widespread information access is equally essential.

Collectively, our data reveals that hedonic experiences arise from a nuanced interplay between
synergistic and redundant information processes. By increasing a redundancy-dominated organization
at rest, ketamine facilitates an optimized infrastructure by inducing stable and widespread
communication of information. Once external information enters the system, resources can be flexibly
reallocated to process critical information from anywhere in the brain, stabilizing higher-order
integrative dynamics® essential for the hedonic experience, and thus, maximizing the behavioral
readout. As a result, even modest increases in information integration during music perception produce
disproportionately strong hedonic experiences. Thus, ketamine’s pro-hedonic effects likely stem from its
ability to boost the brain’s capacity to reliably represent critical internal information, fostering a neural
environment more conducive to the emergence of hedonic experiences.
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Methods:
Study design

This randomized, single-blind, cross-over, placebo-controlled study enrolled 40 healthy participants
between the age of 18 and 55. Physical health was assessed through medical examinations including
electrocardiogram, blood, urine, pregnancy, and drug tests, while mental health was evaluated using the
Structured Clinical Interview’®. Exclusion criteria included history of neurological and psychiatric
disorders, any current pharmacological treatment, pregnancy, breastfeeding, current or former
substance abuse and prior experience with ketamine (in context of recreational or therapeutic use).
Participants underwent two functional magnetic resonance imaging (fMRI) sessions, separated by at
least two weeks to avoid cross-over effects (see Figure 1B). Four hours prior to each scanning session,
participants received either a saline solution (0.9% NaCl) or 0.5mg/kg of racemic ketamine diluted in
0.9% NaCl, administered over 40 minutes. Participants performed a hedonic music task during each scan
session (see Hedonic Task). Two scanner malfunctions occurred after drug administration was finished,
preventing data collection of two participants. These participants were excluded from the study,
resulting in a dataset of N = 38 participants. The study was approved by the ethics committee of the
Medical University of Vienna (EK 1572/2021).

Hedonic task

Prior to study inclusion, participants provided 10 self-selected highly positive (moving) songs and 10 self-
selected neutral songs, indicating the exact moment in which the hedonic experience peaked during
each positive song. Self-selection was used to account for individual variability in emotional responses to
music’?, as the focus was on eliciting robust hedonic experiences rather than controlling for music type.
Note, neutral songs were included to determine whether ketamine broadly amplifies hedonic responses,
regardless of their initial valence, or whether it enhances the hedonic experience only for stimuli already
perceived as enjoyable. Participants were given detailed definitions of the concept of moving and chills
to minimize semantic misunderstandings. Using ffmpeg’?, 70-second excerpts were created around the
individually defined peak moment for positive songs, while random intervals were selected for neutral
songs. All excerpts were sampled at 44,100 Hz, volume-normalized, and edited with 2-second fade-ins
and fade-outs to ensure smooth transitions.

Before scanning, participants reviewed task instructions, passed comprehension checks, and completed
a sound test using Mozart’s "Eine kleine Nachtmusik" to optimize music volume in relation to scanner
noise. The hedonic task was divided into two runs, each consisting of three blocks alternating between
neutral and positive songs, with the starting condition and block size sequence randomized across
participants. Positive and neutral songs were randomly assigned to two blocks of three songs and one
block of four songs each. Each music trial began with a one-second pictogram of a closed eye, signaling
participants to close their eyes for the upcoming trial (see Figure 1A). After listening to each excerpt,
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participants had 12 seconds to rate their hedonic experience on three different dimensions: a) moving—
how moving the experience was on a scale of 1 to 10; b) chills—whether a chill was induced and how
intense the chill was on a scale of 1 (no chill at all) to 10 (utmost chilling experience); and valence—how
unpleasurable/pleasurable the experience was on a scale of -5 to 5. To mitigate ceiling effects, they
were instructed to compare their experiences to past events that were most moving, chill-inducing, or
pleasurable/unpleasurable. While valence reflects the general positivity or negativity of the experience,
the neuroaesthetic concept of moving captures deep emotional engagement, which may or may not
lead to strong physiological responses such as chills’®>74, Thirty-second baseline (resting) segments with
eyes closed were included before and after each block.

MRI data acquisition

Scan sessions were performed roughly 4 hours after drug administration on a 3 Tesla Siemens
MAGNETOM Prisma scanner at the Department of Biomedical Imaging and Image-guided Therapy at the
Medical University of Vienna. Structural T1-weighted MRI scans were acquired with a multi-echo
MPRAGE sequence (TR = 2400ms, TE = 2.22ms, voxel size 0.8x0.8x0.8mm, anterior-posterior face
encoding, field of view read: 256mm). Functional data acquisition used a 64-channel head coil with a
multiband 4 sequence for the hedonic task (TR = 800ms, TE = 30ms, voxel size 3x3x3mm, posterior-
anterior phase-encoding direction, field of view read: 210mm). To aid distortion correction, short
sequences in reversed encoding directions were recorded before each task run.

Behavioral analyses

To assess whether ketamine merely affects the hedonic tone (valence) or also influences deeper
affective (moving) and physiological experiences (chills), three independent hierarchical ordinal
regressions with a logit link function were conducted using the ordinal package’ in R (n = 38).
Consistent with Birkner & Vuorre’s’® recommendations, we evaluated potential models based on
different combinations of regressors (treatment, initial judgement, order of administration, and sex) and
hierarchical effects. Comparisons were made based on the Bayesian Information Criteria (BIC) calculated
with the performance package”’. The winning model included a regressor for treatment (ketamine vs
placebo), a regressor for the initial judgement (indicating whether the song was originally selected as
neutral or positive), and a random effect for each participant (subject), accounting for the nestedness of
the data. Notably, the winning model did not contain an interaction term between treatment and initial
judgement. We fit a separate model for each of the three hedonic dimensions: moving, chills, and
valence (see Hedonic Task). All model assumptions were visually inspected using the performance
package’’. To account for multiple comparisons, a Bonferroni correction was applied, adjusting the
alpha significance level to 0.016.

hedonic_experience (moving, chills, or valence) ~ treatment + initial_judgement
+ (1|subject)

MRI data preprocessing
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Structural and functional imaging data were preprocessed using fMRIprep’®’° with default parameters.
The structural preprocessing pipeline included intensity non-uniformity correction using
N4BiasFieldCorrection®, brain tissue segmentation, and non-linear spatial normalization to MNI 2mm
standard space using ANTS®L. The MNI template was obtained through TemplateFlow??.

The functional preprocessing pipeline consisted of slice-timing correction, motion correction using
MCFLIRT®, and BO inhomogeneity correction using fieldmaps derived from runs with reversed encoding
directions processed via TOPUP®*, Functional data was co-registered to the T1-weighted image using
bbregister® and high-pass filtered with discrete cosine filters (128-second cut-off). Additional noise
reduction was performed using aCompCor®. After high-pass filtering, principal components were
calculated separately for white matter (WM) and cerebrospinal fluid (CSF) masks. The top five
components from each mask, along with 24 motion parameters (six motion parameters, their quadratic
terms, their first and second order derivatives), were regressed out using Nipype®’.

Quality control criteria excluded datasets with a mean framewise displacement (FD) exceeding 0.2 mm,
more than 20% outlier volumes, or a maximum FD greater than 5 mm®,. Based on these thresholds, six
participants were excluded resulting in a final sample size for the fMRI data analyses of 32 participants.
Functional data was parcellated into 116 regions using an atlas combining both the cortical
Schaefer100*® and the subcortical Tian163 parcellations.

O-Information analysis

The O-Information (also denoted as Q) is a scalable measure to assess the interactions of a set of
random variables?. Although it cannot disentangle separate contributions of synergy and redundancy,
the O-Information captures the balance between the two: a system with Q > 0 is characterized by
information being shared across the system and is redundancy-dominated, and a system with Q<0
contains irreducible higher-order interactions and is synergy-dominated. Formally, Q is derived from two
generalized measures of mutual information: the total correlation (TC)®, which quantifies the collective
constraints among a set of variables, and the dual total correlation (DTC)%°, which assesses shared
randomness across these variables. For a system of n random variables X" = {Xj, ..., Xn}, these measures
are defined as:

TC(X™) = Z H(X;) — H(X™)
j=1

DTC(X™) = H(X™) — z H(X|X™)

J=1

Q(X™) = TC(X™) — DTC(X™)

Here, H(X") is the joint Shannon entropy of the n-plet, H(X;) is the entropy of the j-th variable, and
H(X;|X";) is the conditional entropy of the j-th variable given the rest of the system.
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To assess whether peak hedonic experiences modulate global neural information dynamics, we
calculated O-Information for the 116-plet containing all brain regions simultaneously. Cleaned,
parcellated BOLD data were concatenated across runs and participants and analyzed using the Gaussian
copula solver from the JIDT toolbox®. This method provided localized O-Information values over time,
capturing the balance between redundancy and synergy in neural activity. To account for the
hemodynamic lag, O-Information values were extracted for each music trial and baseline segment by
shifting the extraction window by 4 TRs. These values were then averaged within each extracted period
to yield a single mean O-Information value for each music trial and baseline segment.

To explore the impact of music perception and subjective experiences on global neural processing, we
fitted two linear mixed-effects models (n = 32) using the Ime4 package®. The first model tested the
effects of the regressors music perception (music vs baseline) and treatment (ketamine vs placebo) on
O-Information, with participants included as a random effect. This model tested the implicit assumption
that the engagement with a complex stimulus such as music would shift global neural dynamics toward
greater synergy compared to rest.To account for multiple comparisons, a Bonferroni correction was
applied, adjusting the alpha significance level to 0.025.

Q ~ music_perception + treatment + (1|subject)

The second model examined how the strength of the hedonic experience — using the moving rating as
our main measure, given its role as a deep positive emotional response — and treatment (ketamine vs
placebo) influenced O-Information, with participants again included as a random effect to account for
the nestedness of the data.

Q ~ hedonic_experience + treatment + (1|subject)

All model assumptions were visually inspected using the performance package”’.

Calculation and decomposition of ®YWM*time courses

At its core, mutual information quantifies the interdependence of two variables X and Y. Specifically,
mutual information I(X;Y) quantifies the amount of information that the knowledge of node X provides
about node Y. Recently, mutual information was extended to systems of three or more variables using
Partial Information Decomposition®. In this higher order case, PID decomposes the mutual information
1(X,Y;Z) which the two source nodes X and Y provide in respect to a third target node Z into three distinct
types of information. Information is considered unique (uni) if it is only provided by one of the sources
but not the other, whereas redundant (red) information denotes information shared by both sources.
Lastly, synergistic (syn) information arises from the joint interaction of both nodes and cannot be
reduced to any node individually.

I(X,Y;Z) =redX,Y;Z) + uni(X; Z|Y) + uni(Y; Z|X) + syn(X,Y; Z)

®ID¥ further extends PID by decomposing time-delayed mutual information (TDMI), both in the past (t.
1) and in the future (t). For a pair of nodes, ®ID thus captures how information dynamics evolve over
time, considering both the past and present state of the nodes I(X:.1,Y+1;X,Yt). In practice, this requires
constructing a linear system of 15 equations with 16 unknowns, linking the standard Shannon mutual
information to the redundant, unique, and synergistic components of TDMI. To be able to solve this set
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of equations, we utilized the widely used minimum mutual information®* (MMI) definition of
redundancy:

rtr(X,Y) = min {{(Xe—1; X¢); T (Xe—15 Yo ); T (Voo 15 X )3 I (Ve-1; Ye)}

This temporal decomposition produces 16 distinct information atom time courses, capturing how
information is transferred between nodes over time. For example, the atom rtr represents information
that was shared by two sources in the past and remains shared in the future. Recent work® has shown
that whole-minus-sum integrated information (®"WMS) can be expressed as the difference between a
specific set of atoms

OWMS = PR — rtr
Where:
dR = rts + xts + yts + sts + stx + sty + str + xty + yts

Here, we use the standard shorthand notation for the atoms introduced in prior work®, e.g. xts
represents the atom describing how unique information from the source node X becomes synergistic
over time.

For each run, preprocessed and parcellated BOLD data from all pairwise combinations of brain regions
was fully decomposed using ®ID, yielding the time courses of all 16 atoms for each pair of regions. We
then constructed ®F and ®Y“™°time courses by summing the relevant atoms. Notably, while ®F requires
defining a redundancy function (here, MMI), ®¥™* does not, as it is fully determined by the TDMI.
However, we calculated it through the atoms for convenience. The analysis was performed using scripts
provided by Luppi et al.** and the Gaussian estimator from the JIDT toolbox®’.

Network-Based Statistic (NBS) analysis

To explore how the intensity of the hedonic experience and ketamine influence local neural information
integration, we analyzed ®"MStime courses from music trial and baseline segments, adjusting for the
hemodynamic lag by shifting the time series by three time points. Note, the time series was shifted by
only 3 TRs because the ®"Y™* calculation inherently accounts for how information flows from one time
step to the next, resulting in a time series that is already effectively shifted by 1 TR compared to the
underlying BOLD signal. These time courses were averaged within each segment to create node-by-node
®WMS matrices for each condition.

We used a modified version of the Network-Based Statistic (NBS) algorithm®®, based on linear mixed-
effects models, which accounts for subject variability, unbalanced designs, and allows the simultaneous
inclusion of both positive and negative edges within a single cluster. Briefly, NBS fits a linear model to
each connection (edge) and identifies those exceeding a predefined statistical threshold. It then checks
whether these significant edges form connected networks through shared nodes. The significance of
each network cluster is determined using permutation testing, which corrects for multiple comparisons
at the network level.

To examine how hedonic intensity and ketamine influence local information integration during music
perception, we fitted a linear mixed-effects model to each connection with the ®"VMS values of the music
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trial as the dependent variable, including regressors for treatment (ketamine vs placebo), the hedonic
experience (the intensity of the moving experience), their interaction, and a random effect for each
participant. Note, the cluster linked to the main effect of hedonic experience is termed the hedonic
cluster, and the one linked to the main effect of treatment during music perception is referred to as the
ketamine trial cluster.

®WMS ~ treatment * hedonic_experience + (1|subject)

To investigate the effects of ketamine independent of music stimulation, we applied a separate linear
mixed-effects model to the baseline (resting) segments. This model included a fixed effect for treatment
(ketamine vs placebo) and a random effect for participants. The cluster associated with the main effect
of treatment during the baseline segments is referred to as the ketamine baseline cluster or just baseline
cluster.

®WMS ~ treatment + (1|subject)

In our analysis (n = 32), we used 5,000 permutations and set the threshold to reflect a medium effect
size (Cohen’s d = 0.5), corresponding to a t-value of 2.8. We used the intensity of each cluster, that is,
the sum of t-statistics across connected edges, as the primary statistic for significance testing.
Importantly, the results remained consistent when using extent, that is, the number of edges in the
cluster, supporting the robustness of our findings regardless of the specific NBS metric.

Linking baseline and hedonic cluster activity to the intensity of the hedonic experience

We next considered whether ketamine’s pro-hedonic effects could arise from its ability to shift intrinsic
dynamics at rest greater redundancy, thereby enhancing the brain’s capacity to reliably access key
internal representations. Specifically, we examined whether persistent, ketamine-induced changes in
baseline neural integration (ketamine baseline cluster) modulate the relationship between experience-
evoked changes in information integration (hedonic cluster) and the phenomenological experience.

For each music trial, we extracted and averaged ®"MS edge values associated with the hedonic cluster,
resulting in a single integration score per trial (avg_hedonic_cluster). Likewise, for each interleaved
baseline segment, we extracted edge values from the ketamine baseline cluster and aggregated them
into a single baseline integration score per run (avg_ketamine_baseline_cluster). This baseline score
reflects persistent drug-induced changes in information integration at rest, independent of music
stimulation.

To test whether the activity of these two clusters jointly predicts hedonic responses, we fitted a linear
mixed-effects model with the reported hedonic experience (here, the intensity of the moving
experience) as the dependent variable. The model (n = 32) included the average hedonic cluster activity
per trial, the average change in baseline cluster activity, treatment (ketamine vs placebo), and their
three-way interaction as fixed effects, with a random intercept per participant.

hedonic_experience ~ avg_hedonic_cluster * avg_ketamine_baseline_cluster * treatment
+ (1|subejct)
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To assess statistical significance, we conducted 10,000 wild bootstrap iterations using the Imersampler®”
package in R, which accounts for the hierarchical structure in our data.

Dominance analysis (DA)

To investigate the underlying dynamics driving changes in ®¥™S, we performed a dominance analysis.
First, we created separate edge masks for the increasing and decreasing ®“M* edges identified in the
NBS analysis for both the hedonic cluster and the ketamine baseline cluster. We then extracted and
averaged the edge values for each trial and baseline segment from the decomposed time series (O and
rtr), resulting in four metrics per trial/segment: ®** and rtr* (representing the decomposition of ®WMs-
increasing edges) and ®% and rtr (representing the decomposition of ®“™S-decreasing edges).

Next, we fitted a linear mixed-effects model to predict the intensity of hedonic experiences (here,
moving ratings) using these four trial-averaged dynamics, with a random intercept for each participant:

hedonic_experience = ®R* + rtrt + ®R~ + rtr~ + (1|subject)

The model results were corrected using cluster-robust covariance matrices (CR1) via the sjPlot
package®. To further assess the relative importance of each dynamic, we conducted a bootstrap
dominance analysis with 1,000 iterations of the model parameters using the dominanceanalysis package
in R%.

Similarly, we fitted a generalized linear model (GLM) with a logit link function to predict treatment
assignment based on the four dynamics from the baseline segments and conducted a dominance
analysis of the model parameters. An earlier version of this model included a random intercept for
participants, but it was removed after determining that the random intercept was singular (close to
zero) and unnecessary.

treatment = ®RY 4+ rtrt + R~ +rtr-

Association with neurotransmitter density maps

To investigate whether spatial patterns of neurotransmitter receptor and transporter densities align
with the ketamine-induced reductions in information integration at rest and the modulation of
information integration during hedonic experiences, we conducted a spatial correlation analysis. Since
different neurotransmitter systems may uniquely affect increases and decreases in information
integration, we concentrated on the dominant shift in each identified NBS cluster. As both NBS-
identified clusters contained a mix of positively and negatively weighted edges, we first computed the
net effect within each cluster by subtracting the average weight of negative edges from that of positive
edges. This allowed us to determine the dominant direction of change in the cluster. The hedonic cluster
during music perception was dominated by ®"YM** edges, whereas the ketamine cluster during the
baseline segments was almost exclusively comprised of ®VM* edges. As expected, in both cases, the
number of edges in the dominant direction also exceeded those in the opposite direction. We did this
based on the reasoning that different neurotransmitter systems may underlie increases versus
decreases in ®"VM®, thus focusing our analysis on the dominant direction of each cluster. To create node-
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level effects for these two observed changes in information dynamics, we collapsed the observed edge
dynamics from the NBS analyses by averaging the weights (t-values) of each significantly identified edge
per node. These integration maps were compared against PET-derived neurotransmitter and transporter
density maps taken from Hansen et al.1°, which were parcellated using the combined Schaefer100* and
Tian163 parcellation scheme, consistent with the rest of our analysis. Tested density distributions
included maps for serotonin (5-HT1a%%, 5-HT1b%192 5.HT231%, 5-HT41%3 5-HT6% and 5-HTTL103),
dopamine (D1%% , D2%6107 and DAT!%), acetylcholine (M11%°, VAChT!%!1! and a4B2!'?), glutamate
(mGIuR5%113 3nd NMDA?), gamma-aminobutyric acid (GABAa'**), histamine (H3%?), cannabinoid
(CB1%), opioid (MOR%Y7) and norepinephrine transporter (NET!1&119),

To test the significance of the similarity between neural integration maps and receptor maps, while
accounting for the innate spatial autocorrelation of receptors, we created receptor surrogate maps
using a variogram-based approach'?. Compared to traditional spin tests, this method is suitable for
whole-brain and particularly parcellated data and has been shown to better preserve the intrinsic spatial
autocorrelation of brain maps. Briefly, for each receptor or transporter map, a variogram was computed
to quantify the relationship between pairwise variance in parcel density values as a function of their
spatial distance, capturing the map’s inherent spatial autocorrelation structure. The original map is then
randomly shuffled, destroying this structure, and subsequently smoothed using a kernel, which
reintroduces a new spatial autocorrelation structure. An iterative optimization process is then used to
identify the smoothing kernel that minimizes the deviation between the smoothed surrogate’s
variogram and the original map's variogram (quantified as the sum of squared errors). The best-fitting
kernel is then used to create one surrogate map with shuffled values, yet the same spatial
autocorrelation as the original map. We generated 10,000 surrogate maps per receptor/transporter and
computed their Spearman’s rank correlations with the integration maps derived from the ketamine
baseline cluster and the hedonic cluster. Results were corrected for multiple comparisons using the
Bonferroni correction method. Additionally, an exploratory analysis was performed by separately
examining the node-averaged edge weights of the positively and negatively weighted connections
within the NBS cluster linked to the ketamine effect during music perception (see Supplemental
Material).

Canonical correlation analysis (CCA)

To investigate whether dynamic changes between brain state-like integration patterns are linked to the
emergence of hedonic experiences, we first concatenated run-wise ®"WMs time courses across
participants and clustered the resulting data using a Gaussian Mixture Model*?!. We evaluated models
with 7 to 15 clusters and selected the optimal number based on BIC. The best-fitting solution consisted
of 9 clusters, each representing a recurring pattern of neural information dynamics.

Next, we computed state transition probabilities for each music trial, that is, the likelihood of
transitioning from one brain state to another (or remaining in the same state), resulting in 81 transition
probabilities per trial. To explore whether these transition dynamics were meaningfully related to
participants’ reported hedonic experiences, we employed Canonical Correlation Analysis (CCA). CCAis a
multivariate statistical technique used to identify shared variance between two sets of variables — in this
case, brain-derived state transition probabilities and hedonic experiences (all three behavioral ratings).
It does so by finding linear combinations (called canonical variates) within each dataset that are
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maximally correlated with one another. Formally, CCA identifies weight vectors that maximize the
correlation between these linear combinations, i.e., between the projections of the brain data and
behavioral data into a shared latent space. In essence, it reveals a latent dimension that best explains
the covariation between the neural and behavioral data.

To determine the appropriate number of canonical dimensions to retain, we first applied Principal
Component Analysis and used the elbow method as a visual heuristic. This analysis revealed a single
meaningful dimension, explaining 10% of the neural variance and 85% of the behavioral variance. Based
on this, we limited our CCA to a single latent canonical dimension. Given the high dimensionality of the
neural dataset and the potential for multicollinearity, we implemented a regularized CCA using the PMA
package in R'?2, Regularization was applied exclusively to the standardized neural data to improve model
interpretability. We iteratively tuned the L1 sparsity parameter from 0.1 to 1.0 in increments of 0.05,
using the internal permutation-based tuning function in PMA. Briefly, this procedure permutes the
neural dataset 25 times, runs sparse CCA for each permutation and the original data, and then calculates
the correlation between the resulting latent variables. These correlations are Fisher-Z-transformed to
approximate a normal distribution, and a Z-statistic is computed by comparing the observed correlation
against the distribution of permuted results. The tuning parameter with the highest Z-statistic was
selected as the optimal level of sparsity. Since we were interested in identifying whether a unique
pattern of state transitions is linked to hedonic experiences independently of treatment, we assessed
the significance of the CCA results by randomly shuffling behavioral ratings within participants 10,000
times. Specifically, we reassigned complete trial-level ratings to different neural transition matrices. This
approach preserved the internal structure of the data while disrupting the correspondence between
neural and behavioral variables (as well as their alignment across treatment), thereby generating a null
distribution of canonical correlations against which the observed correlation could be compared.
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Table S1: Ordinal regression results for valence ratings

This table presents the results of the cumulative ordinal regression analysis on valence ratings using a logit link function. The
model includes drug condition (placebo, ketamine) and initial judgment (neutral, positive) as predictors, with a random intercept
for each participant to account for repeated measures. Exponentiated parameter estimates (Odds Ratios) along with their 95%
confidence intervals (CI) and standard error (SE) are reported. For the random effects, the within-group () and between-group
(to0) variances, as well as the intraclass correlation coefficient (ICC), are reported.

Valence

Predictors Odds Ratios ~ SE CI (95%) z-statistic p-Value
-5|-4 0.01 0.00 0.01-0.02 -12.77  <0.001
-4|-3 0.03 0.01 0.01 -0.04 -13.49  <0.001
-3-2 0.05 0.01 0.03 -0.08 -12.75  <0.001
-2)-1 0.14 0.03 0.10-0.21 -9.57  <0.001
-1/0 0.41 0.08 0.28 - 0.60 -4.63  <0.001
0[1 3.56 0.69 2.44-520 6.59  <0.001
12 18.16 3.88 11.94 -27.62 13.56  <0.001
23 92.99 21.72 58.84 — 146.98 19.41  <0.001
314 368.66 91.14  227.09-598.50 2391 <0.001
45 1547.13  416.24 913.11-2621.39 2730 <0.001
Drug condition [Ketamine] 1.36 0.13 1.13-1.63 3.24 0.001

Initial Judgment [Positive] 116.08 18.61 84.77 — 158.94 29.65 <0.001

Random Effects
c? 3.29
T00 ID 1.03
ICC 0.24
N 38
Observations 1501

Table S2: Ordinal regression results for moving ratings

This table presents the results of the cumulative ordinal regression analysis on moving ratings using a logit link function. The
model includes drug condition (placebo, ketamine) and initial judgment (neutral, positive) as predictors, with a random intercept
for each participant to account for repeated measures. Exponentiated parameter estimates (Odds Ratios) along with their 95%
confidence intervals (CI) and standard error (SE) are reported. For the random effects, the within-group (67) and between-group
(to0) variances, as well as the intraclass correlation coefficient (ICC), are reported.

Moving
Predictors Odds Ratios SE CI (95%) z-statistic p-Value
12 0.45 0.08 0.32-0.64 -448  <0.001
213 1.14 0.20 0.80 — 1.60 0.72 0.472
314 2.78 0.50 1.95-3.95 569  <0.001
4/5 5.45 1.01 3.79 - 7.84 9.14  <0.001
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5|6 10.29 2.00 7.03 —15.05 12.00  <0.001
6|7 4421 9.75 28.69 — 68.13 17.18  <0.001
718 333.51 81.47 206.62 — 538.32 23.78  <0.001
8|9 1548.58 404.37 928.25 —2583.46 28.13  <0.001
9|10 7022.94  2115.09 3891.91-12672.85 2941 <0.001
Drug condition [Ketamine] 1.31 0.12 1.09-1.58 2.88 0.004
Initial Judgment [Positive] 219.68 39.28 154.74 —311.87 30.16  <0.001
Random Effects

G2 3.29

T00 ID 0.87

1CC 0.21

N 38

Observations 1488

Table S3: Ordinal regression results for chills ratings

This table presents the results of the cumulative ordinal regression analysis on chills ratings using a logit link function. The model
includes drug condition (placebo, ketamine) and initial judgment (neutral, positive) as predictors, with a random intercept for each
participant to account for repeated measures. Exponentiated parameter estimates (Odds Ratios) along with their 95% confidence
intervals (CI) and standard error (SE) are reported. For the random effects, the within-group (c?) and between-group (too)
variances, as well as the intraclass correlation coefficient (ICC), are reported.

Chills
Predictors Odds Ratios SE CI (95%) z-statistic p-Value
12 4.09 1.13 2.37-17.03 5.08 <0.001
213 8.69 2.44 5.01 —15.08 7.69 <0.001
34 17.51 5.03 9.97 —30.75 9.96 <0.001
45 34.76 10.26 19.48 — 62.00 12.01  <0.001
516 66.47 20.17 36.67 —120.49 13.83  <0.001
6|7 274.02 87.45 146.60 — 512.17 17.59  <0.001
78 1123.91 374.64 584.78 — 2160.06 21.07 <0.001
8|9 345290 1213.63  1733.81 — 6876.46 23.18  <0.001
9|10 13886.20 5725.81 6188.72-31157.74 23.13  <0.001
Drug condition [Ketamine] 1.60 0.17 1.31-1.96 4.52 <0.001
Initial Judgment [Positive] 114.32 18.62 83.07-157.33 29.09  <0.001
Random Effects
o2 3.29
T00 ID 2.46
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1CC 0.43
N 38

Observations 1499

Table S4: Linear mixed-effects model for O-Information across rest and music perception

The model includes current state (rest, music perception) and drug condition (placebo, ketamine) as predictors, with a random
intercept for each participant to account for repeated measures. Standardized beta estimates (std. Beta), along with their 95%
confidence intervals (std. CI) and standard error (std. SE), are reported. For the random effects, the within-group (62) and
between-group (too) variances, as well as the intraclass correlation coefficient (ICC), are reported.

O-Information Music vs Rest

Predictors std. Beta std. SE std. CI (95%) t-statistic p-Value
Intercept 0.09 0.10 -0.11-0.29 0.87 0.39
Music or Rest [Music] -0.11  0.04 -020--0.02 -246 0.014

Drug Condition [Placebo] -0.02  0.04 -0.10—0.06 -0.49 0.623

Random Effects
62 0.73
700 subject 0.27
ICC 0.27
N subject 32
Observations 1782

Table S5: Linear mixed-effects model for O-Information across rest segments

The model includes drug condition (placebo, ketamine) as a predictor, with a random intercept for each participant to account for
repeated measures. Standardized beta estimates (std. Beta), along with their 95% confidence intervals (std. CI) and standard error
(std. SE), are reported. For the random effects, the within-group (c?) and between-group (too) variances, as well as the intraclass
correlation coefficient (ICC), are reported.

O-Information Rest Segments
Predictors std. Beta std. SE std. CI (95%) t-statistic p-Value
Intercept 0.07 0.12 -0.17-0.30 0.55 0.583

Drug Condition [Placebo] 0.02  0.10 -0.18-0.22  0.20  0.843

Random Effects
62 1.30
700 subject 0.30
ICC 0.19
N subject 32
Observations 508
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Table S6: Linear mixed-effects model for O-Information across moving experiences

The model includes the strength of the moving experience (ranging from 1-10) and drug condition (placebo, ketamine) as
predictors, with a random intercept for each participant to account for repeated measures. Standardized beta estimates (std. Beta),
along with their 95% confidence intervals (std. CI) and standard error (std. SE), are reported. For the random effects, the within-
group (c?) and between-group (too) variances, as well as the intraclass correlation coefficient (ICC), are reported.

O-Information Moving Experience

Predictors std. Beta std. SE std. CI (95%) t-statistic p-Value
Intercept 0.03 0.11 -0.18-0.24 0.30  0.770
Moving -0.07 0.02 -0.12--0.03 -3.02 0.003

Drug Condition [Placebo] -0.05 0.05 -0.14-0.04 -1.10 0.271

Random Effects

62 0.67
700 subject 0.34
ICC 0.34
N subject 32

Observations 1256

Table S7: Linear mixed-effects model predicting hedonic experiences from hedonic and baseline NBS cluster activity

The model includes the trial-averaged activity of the hedonic cluster, the run-wise averaged activity of the ketamine baseline
cluster, and the drug condition (placebo vs. ketamine) as fixed effects. A random intercept for each participant accounts for
repeated measures. Data was z-scored prior to calculations. Shown values are based on 10000 wild bootstrap (boot.) iterations.
Beta estimates (boot. Beta), along with their 95% confidence intervals (boot. CI) and standard error (boot. SE), are reported. For
the random effects, the within-group (c?) and between-group (too) variances, as well as the intraclass correlation coefficient (ICC),
are reported.

3-way Interaction

Predictors boot. Beta boot. SE boot. CI (95%) t-statistic boot. p-Value
Intercept 0.08 0.06  -0.05-0.20 1.14 0.259
Baseline Cluster 0.04 0.07 -0.10-0.17  0.503 0.587
Hedonic Cluster 0.13 0.04 0.05-0.21 2.81 0.012
Drug [Placebo] -0.12 0.05 -0.22--0.01 -1.75 0.038
Baseline Cluster x Hedonic Cluster -0.14 0.04 -023--0.05 -2.91 0.002
Baseline Cluster x Drug [Placebo] -0.03 0.07 -0.16—0.10 -0.41 0.659
Hedonic Cluster x Drug [Placebo] -0.03 0.04 -0.11-0.05 -0.47 0.493
Baseline Cluster x Hedonic Cluster x Drug [Placebo] 0.17 0.04 0.08 - 0.25 3.22 0.002

Random Effects

c? 0.92
T00 subject 0.06
ICC 0.06
N subject 32

Observations 1260

135



Table S8: Linear mixed-effects model predicting the intensity of the hedonic experience from decomposed NBS hedonic
cluster activity

The model predicts the strength of the hedonic experience using the four decomposed dynamics per trial (®R™, rtr*, ®R", and rtr).
A random intercept for each participant accounts for repeated measures. Data was z-scored prior to calculations. Parameter
estimates are reported along with their 95% confidence intervals (std. CI) and standard errors (std. SE). Reported results are based
on cluster-robust covariance matrices (CR1). For the random effects, the within-group (6?) and between-group (to0) variances, as
well as the intraclass correlation coefficient (ICC), are reported.

Hedonic experience predicted by ®R and rtr

Predictors std. Beta std. SE std. CI (95%) t-statistic p-Value

Intercept -0.00 0.05 -0.11-0.10 -0.01 0.992
DRY 0.12  0.04 0.03-0.20 2.64 0.008
PR -0.17  0.06 -0.28—-0.06 -3.07 0.002
rtr* -0.31 0.04 -0.40--0.23 -7.16 <0.001
rtr 026 004 0.18-0.35 6.19  <0.001
Random Effects

o2 0.81

T00 subject 0.07

ICcC 0.08

N subject 32

Observations 1260

Table S9: Dominance analysis of the linear mixed-effects model predicting the intensity of the hedonic experience from
decomposed NBS hedonic cluster activity
Reported results are based on 1000 bootstrap iterations. Changes in marginal R2 and standard errors (SE) are reported.

Dominance analysis of the effects of ®® and
rtr on hedonic experiences

Predictors R2 estimate SE
DR* 0.004 0.003
(ol 0.014 0.007
rtr* 0.077 0.013
rtr 0.052 0.012

Table S10: General linear model predicting treatment from decomposed NBS baseline cluster activity
The model predicts drug treatment using the four decomposed dynamics per trial (OR*, rtr*, ®R", and rtr") and a logit-link
function. Odds Ratios are reported along with their 95% confidence intervals (CI) and standard errors (SE).

Treatment predicted by ®R and rtr
Predictors Odds Ratios SE CI Statistic ~ p

Intercept 0.94 0.10 0.76 -1.16 -0.57 0.570
DR* 2.10 027 1.64-273 569 <0.001

R 0.31 0.06 021-043 -6.56 <0.001
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rtr- 2.50 035 192-334 648 <0.001

rtr* 0.45 0.06 0.34-0.58 -6.07 <0.001

Table S11: Dominance analysis of the generalized linear model predicting drug treatment from decomposed NBS baseline
cluster activity
Reported results are based on 1000 bootstrap iterations. Changes in marginal R2 and standard errors (SE) are reported.

Dominance analysis of the generalized linear
model predicting treatment using ®R and rtr

dynamics
Predictors R2 estimate SE
DR* 0.055 0.020
R 0.104 0.025
rtrt 0.072 0.024
rtr- 0.108 0.029

Table S12: Exploratory analysis of information shifts in the ketamine trial cluster and receptor densities

The ketamine trial cluster, associated with ketamine’s effect on neural information dynamics during music perception, exhibited
an almost perfectly balanced distribution of increasing and decreasing ®¥MS edges. Thus, we conducted a separate exploratory
analysis for both dynamics. Node-level effects were summarized by averaging the weights of significant edges per node for each
direction of information shift. These averaged dynamics were then correlated with 19 receptor maps using Spearman rank
correlation, with significance determined via 10000 surrogate maps per receptor. Both raw and Bonferroni-corrected p-values are
reported.

(I)WMS+ (I)WMS—
Receptor Name  Fspearman  p-value — Bonf. p-value | rspeaman p-value — Bonf. p-value
SHTla -0,112 0,682 1 0,062 0,672 1
SHTIb 0,053 0,784 1 0,153 0,275 1
SHT24 0,118 0,670 1 0,179 0,219 1
SHT4 -0,188 0,324 1 0,113 0,419 1
SHTG 0,298 0,113 1 0,206 0,132 1
SHTT 0,390 0,126 1 0217 0,136 1
A4BD 0,420 0,077 1 -0,110 0,459 1
CBI 0,179 0,309 1 -0,074 0,593 1
. 0,351 0,096 1 0,007 0,957 1
Do 0,432 0,046 0,870 0,073 0,621 1
DAT -0,463 0,026 0,488 0,225 0,120 1
GABAa 0,073 0,816 1 0,192 0,189 1
03 -0,381 0,033 0,635 0214 0,118 1
M1 -0,047 0,821 1 -0,070 0,625 1
GRS 0,280 0,134 1 0,179 0,202 1
MOR -0,402 0,026 0,488 0,124 0,387 1
NET 0,064 0,794 1 0,031 0,826 1
NMDA 0,443 0,050 0,958 0,158 0,291 1
VACHT 0,422 0,028 0,534 0,132 0,351 1
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Table S13: Association between ®Y“V5* edges of the hedonic cluster and receptor densities

To examine the relationship between the predominant shift in information integration during hedonic experiences and receptor
densities, we averaged the NBS ®WMS* edge weights for each node to generate node-level representations of the cluster activity.
These node-level activities were then correlated with 19 receptor maps using Spearman rank correlation, with significance
assessed via 10000 surrogate maps for each receptor. Both raw and Bonferroni-corrected p-values are reported.

Receptor Name  Fspearman ~ p-value Bonf. p-value

5HTla -0,080 0,721 1
SHT1b -0,139 0,408 1
SHT2a -0,191 0,380 1
SHT4 -0,083 0,600 1
SHT6 -0,057 0,725 1
SHTT -0,076 0,732 1
A4B2 0,165 0,466 1
CBI -0,109 0,513 1
DI 0,214 0,244 1
D2 -0,089 0,667 1
DAT -0,173 0,409 1
GABAa -0,136 0,535 1
H3 0,050 0,757 1
M1 -0,124 0,469 1
mGluR5 0,013 0,933 1
MOR 0,015 0,932 1
NET 0,527  >0,001 0,017
NMDA -0,135 0,538 1
VAChT 0,187 0,274 1

Table S14: Association between ®WMS-edges of the baseline cluster and receptor densities

To examine the relationship between the predominant shift in information integration associated with ketamine administration and
receptor densities, we averaged the NBS ®WMS- edge weights for each node to generate node-level representations of the cluster
activity. These node-level activities were then correlated with 19 receptor maps using Spearman rank correlation, with
significance assessed via 10000 surrogate maps for each receptor. Both raw and Bonferroni-corrected p-values are reported.

Receptor Name ~ Fspearman ~ p-value Bonf. p-value

SHTla 0,1 0,5 1
SHT1b 0,014 0,911 1
5HT2a -0,063 0,674 1
SHT4 -0,01 0,935 1
SHT6 0 0,998 1
SHTT 0,232 0,089 1
A4B2 0,057 0,713 1
CBI 0,079 0,529 1
DI 0,075 0,563 1
D2 0,193 0,153 1
DAT 0,204 0,137 1
GABAa 0,043 0,775 1
H3 -0,03 0,814 1
M1 -0,027 0,832 1
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mGIuRS -0,066 0,598 1
MOR 0,127 0,319 1
NET 0,048 0,728 1
NMDA 0,114 0,445 1
VACKT 0,192 0,131 1

Stringent Ketamine Baseline Cluster
o WMS+

Figure S1: Replication of ketamine’s shift of baseline neural dynamics toward redundancy using a conservative window
size

To further validate our findings that ketamine predominantly shifts neural dynamics at rest toward redundancy, we analyzed the
baseline data using a highly conservative window size. Specifically, the first 14.4 seconds of each baseline segment were
excluded to eliminate potential contamination from residual task-related activity. The figure displays the significant Network-
Based Statistics cluster for baseline neural activity with increasing edges (®WMS*) and decreasing edges (®VMS-) for all pairs of
regions separately. Edges are visualized both using a chord diagram (upper panel) and in a glass brain (lower panel).

Table S15: Replication of the interaction effect using data of the stringent baseline cluster

The model includes the trial-averaged activity of the hedonic cluster, the run-wise averaged activity of the stringent ketamine
baseline cluster, and the drug condition (placebo vs. ketamine) as fixed effects. A random intercept for each participant accounts
for repeated measures. Data was z-scored prior to calculations. Shown values are based on 10000 wild bootstrap (boot.) iterations.
Beta estimates (boot. Beta), along with their 95% confidence intervals (boot. CI) and standard error (boot. SE), are reported. For
the random effects, the within-group (c?) and between-group (too) variances, as well as the intraclass correlation coefficient (ICC),
are reported.

3-way Interaction

Predictors boot. Beta boot. SE boot. CI (95%) t-statistic boot. p-Value
Intercept 0.06 0.06  -0.05-0.17 0.94 0.347
Baseline Cluster 0.02 0.07 -0.12-0.16 0.29 0.786
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Hedonic Cluster

Drug [Placebo]

Baseline Cluster x Hedonic Cluster
Baseline Cluster x Drug [Placebo]
Hedonic Cluster x Drug [Placebo]

Baseline Cluster x Hedonic Cluster x Drug [Placebo]

Random Effects
o? 0.92
T00 subject 0.07
ICC 0.07
N subject 32

Observations 1260
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-0.10
-0.07
-0.08
-0.08

0.10
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0.05
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General Discussion

The aim of this thesis is to advance our understanding of the hedonic experience as a
whole by illuminating its inception, tracing its neural emergence, and examining its
modulation by the prohedonic agent ketamine. Thereby, the presented work addresses
four interrelated questions: (1) Can a hedonic experience arise without external (visual)
input purely through mental processes? (2) Is the hedonic experience neurally encoded
in a similar way across different stimulus modalities? (3) What are the multivariate
information dynamics that underpin peak hedonic states? (4) And how are these
processes, behaviorally and neurally, modulated by ketamine across the acute and
subacute phase to facilitate its prohedonic effects? To answer these questions, I
deployed a diverse set of stimuli, ranging from faces and artworks to monetary rewards
and music, and integrated traditional reward paradigms with neuroaesthetic and
information-theoretic tools, thereby selecting each methodological approach tailored to
each specific question.

To reiterate, Study 1 (Kathofer, Lamm, et al., 2025) examined whether hedonic
experiences necessitate direct sensory input or can similarly arise through mental
imagery. It further used RSA to systematically test theory-derived encoding models to
examine whether behaviorally indistinguishable hedonic experiences across visual
perception and visual imagery share the same neural encoding or retain modality-
specific signatures. Extending insights into the neural signature of pleasure, Study 4
(Kathofer, Mediano, et al., 2025) characterized the multivariate information processing
underlying hedonic experience by applying global and local measures of information
integration to determine whether higher-order dynamics, specifically synergy or
redundancy, primarily underlie its emergence. Additionally, the study investigated how
global integrative brain states dynamically reconfigure over time to facilitate peak
hedonic experiences. Lastly, to deepen understanding of ketamine’s prohedonic and
neuromodulatory effects across the acute and subacute phases, Studies 2 (Graf et al.,
2024), 3 (Briem et al., 2025), and 4 (Kathofer, Lamm, et al., 2025) examined ketamine’s
impact on reward processing by: (i) identifying morphological predictors of adverse
psychological responses during administration; (ii) quantifying its effects on neural
signatures of reward anticipation and consumption; and (iii) characterizing how
ketamine reshapes multivariate neural information integration to enable prohedonic
effects.

Taken together, the present thesis contributes both basic and practical insights: it
provides insights into a mechanistic account of the hedonic experience grounded in
multivariate neural information integration; it highlights morphological markers that may
inform personalized treatment and risk mitigation in future clinical studies; and sheds

1 “1” should be understood to acknowledge the collaborative nature of scientific research and the contributions of
coauthors, colleagues, and supervisors whose ideas, feedback, and efforts helped shape, conduct, and refine the
studies presented within this thesis.
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light on the elusive mechanisms by which ketamine may exert its prohedonic effects.
The remainder of this chapter synthesizes these empirical findings, discusses their
implications in more detail, and delineates promising avenues for future research.

Do hedonic experiences require direct sensory input? And are they similarly
encoded across different modalities? - No, they do not, and given sufficient vivid
imagery, hedonic experiences are behaviorally indistinguishable across perception
and imagery, yet their neural encodings retain modality-specific signatures.

While the field of neuroaesthetics has substantially advanced our understanding of how
cognition (Brielmann & Pelli, 2017), context (Darda & Chatterjee, 2023), and meaning
(Trupp et al., 2023) shape the intensity of hedonic experiences evoked by aesthetic
stimuli, it has never explicitly tested whether mental processes can themselves
generate hedonic responses, rather than merely shape the experience itself. Thus,
although intuitively trivial, prior to this thesis it had never been experimentally confirmed
whether hedonic experiences require direct input to the sensory system. Additionally
motivated by work from Dijkstra and colleagues (2021), who reported that individuals
with high imagery abilities can occasionally mistake vivid visual imagery for reality and
drive real-world behavior, | expanded this line of inquiry to reward processing by asking
whether visual imagery itself can evoke hedonic experiences. Utilizing both biologically
and culturally significant stimuli, faces and artworks respectively, Study 1 (Kathofer,
Lamm, et al., 2025), found robust evidence that mental imagery is sufficient to elicit
pleasurable experiences, as well as related positive affective aesthetic responses, such
as being moved or experiences of beauty, alongside physiological markers like chills,
indicating that imagery can engage affective and autonomic systems similarly to direct
perception. Beyond establishing that direct sensory input is not necessary, the results
also highlight that the similarity of hedonic experiences across stimulation modalities
converges with increasing vividness of the mental image. This dependency is rather
intuitive as a low-fidelity coarse mental image fails to provide a sufficiently detailed
representational substrate from which a (similar) hedonic experience could arise. The
key finding, however, is that their neural representations remain strongly modality-
driven: even when imagined and perceived stimuli receive virtually identical behavioral
ratings in high-vividness trials, the brain’s encoding patterns still differ markedly and
primarily encode the modality in which the stimulus was originally perceived, even in
highly specialized regions such as the NAc. In short, behavioral convergence does not
imply neural equivalence as modality-specific encoding remains a dominant driving
factor for (dis)similarity patterns even when subjective experiences appear the same.

Looking beyond neuroaesthetics, Study 1 (Kathofer, Lamm, et al., 2025) is not the first to
show that mental imagery can elicit measurable effects. Rather, it situates itself within
an emerging field examining how mental imagery can shape behavior and mental health.
Within this diverse field, research has demonstrated that mental images can induce
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both positive and negative valence (Gorgen et al., 2015; Koivisto & Grassini, 2023),
modulate stress-related physiology, i.e., skin conductance (Agren, 2023; Koivisto &
Grassini, 2024), and that evoked neural responses tend to converge across stimulation
modalities as imagery vividness increases (Dijkstra et al., 2017, 2019). However, Study 1
(Kathofer, Lamm, et al., 2025) extends this literature in three key ways. First, it shows
that mental imagery can elicit not only shifts in valence but also other strong positive
hedonic emotions, such as feelings of being moved and experiences of beauty, opening
avenues to test whether imagery can likewise induce other aesthetic responses,
including awe or the sublime. Second, it demonstrates that mental imagery can also
evoke potent physiological responses such as piloerection, showing that imagery can be
sufficiently evocative to trigger rare, intense autonomic reactions that usually serve as
objective indices of the experienced intensity of currently processed representations
(Schoeller et al., 2024). Third, while earlier work has reported that responses in visual
areas become more similar across modalities during high-vividness trials (Dijkstra et al.,
2019), the presented data, targeting higher-level reward processing, paints a more
nuanced picture. Although increasing vividness is associated with greater cross-modal
neural similarity, this effect is relative rather than absolute. Even when analyses were
restricted to strictly high-vividness trials, where neural patterns should, in principle, be
most similar across imagery and perception, the winning RSA encoding models
consistently showed that neural activity primarily encodes the modality of origin within
the reward network and its constituents — regions typically associated with affective
processing — underscoring that the brain reliably tracks the source of a stimulus even in
highly specialized areas and that mental imagery, while potent, does not fully converge
with perception at the neural level.

Study 1 (Kathofer, Lamm, et al., 2025) also opens up several directions for future work.
Generally, as imagery ability increases, hedonic responses elicited by visual mental
imagery appear to converge toward those elicited by visual perception; future studies
should test whether this convergence generalizes to other senses (smell, taste, touch,
audition) as a function of sense-specific imagery ability as well. Although the
association between higher imagery abilities and more similar ratings across stimulation
modalities was evident in the study above, the effect was only modest, likely because
the sample was preselected for medium to high imagery ability, thereby reducing
variance. Yet, it would be valuable to examine the full spectrum of vividness, from
absentimagery as in aphantasia (Blomkvist & Marks, 2023) to exceptionally vivid
imagery, to test for a continuous gradient, explaining the full variance in evoked
experiences across stimulation modalities, from no detectable hedonic experience in
individuals with aphantasia, making imagery maximally dissimilar to perception, to
near-equivalence across modalities in those with unusually high vivid imagery.
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Are hedonic experiences reliant on a single higher-order information-integration
dynamic? No, hedonic experiences appear to arise from complex information
dynamics that draw on both synergistic and redundant integration over time.

From its inception to its final moments, the brain continuously integrates signals from
internal states and from outside inputs across its large, distributed network. Yet the
mechanisms by which these integration dynamics give rise to subjective experience,
and specifically to hedonic experience, remain poorly understood. Study 4 (Kathofer,
Mediano, et al., 2025) addresses this gap by applying multivariate information-theoretic
tools to quantify how neural integration changes over time as subjective hedonic
intensity rises. Using various measures to capture the balance between synergistic and
redundant interactions, and complementary brain-state analyses to track global shifts
in integration dynamics, Study 4 (Kathofer, Mediano, et al., 2025) offers, to my
knowledge, the first systematic characterization of information dynamics underlying
subjective hedonic experiences.

Together, the results highlight that neural integration associated with the hedonic
experience is hot confined to canonical reward regions. Instead, increases in hedonic
intensity are reflected in information shifts distributed across the entire cortex. Thus,
converging with, but extending beyond, prior MVPA analyses (Kahnt, 2018), O-
information results show that hedonic experiences alter large-scale integrative
dynamics across the entire brain, indicating that hedonia is not a highly localized
phenomenon but actually demands the reconfiguration of global information dynamics.
This notion is further corroborated by the time-resolved brain-state analysis, revealing
that the system alternates between globally expressed synergistic and redundant states,
and that the balance and sequencing of these states track the intensity of the hedonic
experience. Put differently, hedonia emerges from coordinated whole-brain shifts in
both synergy, where signals are integrated to convey more than their individual parts,
and redundancy, where signals are shared collaboratively across regions, rather than
from a single region-bound information dynamic alone.

Interestingly, while the WMS analysis replicated the broad finding that hedonic
experiences emerge from shifts in both synergy and redundancy, a finer decomposition
of these dynamics showed that most of these higher-order integration changes are
driven by shifts in redundancy. This insight is possible as WMS reflects, in essence, the
balance of synergistic and transfer processes relative to redundancy (Mediano et al.,
2021). Consequently, an increase in WMS, often interpreted as a net increase of
synergistic processing, can arise from (i) an actual increase in synergy, (ii) a reduction in
redundancy, or (iii) a combination of both. In this regard, the results indicate that
particularly shifts in redundancy account for the observed changes of WMS, even as
both dynamics remain relevant to the hedonic experience. Yet, given the extensive fMRI
literature on reward processing utilizing (pairwise) correlation of brain activity over time
(Dugré et al., 2023; Ng et al., 2019; Tolomeo & Yu, 2022), it is unsurprising that hedonic
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experiences appear heavily reliant on redundant information sharing. By construction,
these pairwise correlations can only capture the shared variance between two time
series and are thus sensitive only to redundant information processing, unable to detect
emergent synergistic interactions (Luppi, Rosas, et al., 2024). Extending this literature,
our analysis indicates that although emergent synergistic dynamics contribute to reward
processing, their role is modest, underscoring the predominance of redundancy.
Furthermore, a plausible neurobiological substrate facilitating these changes in neural
information integration underlying hedonia was identified, as the topology of the
observed WMS cluster activity closely alighs with the spatial distribution of
norepinephrine transporter receptors, a system often implicated in arousal, motivation,
and euphoria (Sofuoglu & Sewell, 2009).

Lastly, neural information originating in primary auditory areas, which encodes the
music input underlying all subsequently elicited hedonic responses, exhibits a distinct
reliance on redundant information sharing with its connected cluster nodes. In
particular, auditory areas exhibited increased sharing of redundant information with key
relay and integration hubs, including the thalamus (Hwang et al., 2017) and insula
(Zhang et al., 2024). Storing vital incoming signals redundantly across multiple nodes,
especially canonical gateways and information synthesis regions, serves two main
functions. First, it ensures rapid availability of information across critical areas for
further integration and downstream processing. Secondly, maintaining multiple
redundant neural representations makes the information less susceptible to disruption,
thereby supporting reliable and stable processing. Though speculative, this
interpretation aligns with human and animal evidence that redundancy stabilizes
essential sensory information (Newman et al., 2022; Panzeri et al., 2022; Pope et al.,
2025; So et al., 2012) and enhances subsequent behavioral performance (Francis et al.,
2022; Kogillari et al., 2023c, 2023b; Varley, Sporns, et al., 2023b).

Although demonstrated here in the context of hedonic processing, | suspect that this
general pattern, i.e., shifts in synergistic and redundant information dynamics, underlies
cognitive function more broadly. While speculative, it is reasonable to assume that the
brain leverages both forms of higher-order information processing, each with distinct
advantages and trade-offs. As noted in the introduction, synergy, though fragile, enables
the system to encode and compute information that is emerging from the coordinated
activity of multiple streams, vastly expanding neural computational power. By contrast,
redundancy, especially for vital inputs that must be accessed across multiple relay hubs
and multimodal integration centers, promotes rapid availability and robustness, albeit at
the cost of allocating resources to maintain duplicated representations. Recent
advances in multivariate information theory have spurred efforts to map specific
information dynamics to specific cognitive functions (Luppi, Rosas, et al., 2024; Varley,
Sporns, et al., 2023a). Prior work has suggested that synergy may be central to the
emergence of consciousness (Luppi, Mediano, et al., 2024), whereas redundancy may
be critical for stabilizing sensory representations (Varley, Pope, et al., 2023). However, it
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is unlikely that neural information dynamics can be cleanly partitioned into one-to-one
mappings onto particular functions, partly because most studies a priori focus on a
single dynamic and do not jointly examine others. A more plausible trajectory of this
field mirrors the evolution of our understanding of distinct neurotransmitter
contributions to reward: from an initial emphasis on a single neurotransmitter system,
to multiple systems, to a consensus that coordinated interactions among many systems
are necessary for a hedonic experience to successfully emerge. Likewise, the study of
multivariate information dynamics will likely progress from isolating specific
components to recognizing that synergy, redundancy, and related processes jointly and
flexibly support cognition. Going forward, research should prioritize comprehensive
assessments of higher-order information dynamics, examining how synergy,
redundancy, and related processes interact to support reward and other cognitive
functions. However, progress is currently limited by the combinatorial complexity of
observable dynamics and by the fact that different estimator implementations,
reflecting distinct mathematical conceptualizations of higher-order interactions, often
yield divergent results. To advance, the field needs stronger theoretical unification, novel
statistical frameworks to better evaluate shifts in multivariate information flows, and
coordinated benchmarking to guarantee comparability and robustness across existing
metrics.

Are morphological predispositions linked to the acute aversive anxiety-inducing
effects of ketamine during administration? Yes, hippocampal, not amygdalar,
volume is negatively correlated with acute anxiety during ketamine administration.

Beyond a more thorough understanding of the multivariate information dynamics that
give rise to hedonic experiences, it is equally important to determine how they can be
more effectively modulated. This is especially important given that anhedonia, the
inability to experience pleasure, is common across many psychiatric disorders (Destoop
et al., 2019; Ramer Thomsen et al., 2015; Trgstheim et al., 2020) and associated with
poorer prognosis (Crits-Christoph et al., 2018; Garfield et al., 2013; Luca et al., 2024;
Vrieze et al., 2014; Wong et al., 2024). Limited efficacy of conventional medication (Cao
et al., 2019; Craske et al., 2016) and rising rates of anhedonic symptoms in the general
population (Abbott, 2021) further underscore the dire need for more effective
treatments. Consequently, the present thesis aimed to contribute to a more detailed
understanding of the mechanisms underlying ketamine’s unique, rapid-acting
prohedonic effects, which, unlike those of common antidepressants (Boku et al., 2018),
emerge within hours of administration (Krystal et al., 2019). While Study 2 (Graf et al.,
2024) focused on the acute phase, examining psychotomimetic effects and their
relationship to morphological neural correlates, Studies 3 (Briem et al., 2025) and 4
(Kathofer, Mediano, et al., 2025) characterized ketamine’s neuromodulatory effects in
the subacute phase, when psychotomimetic effects have typically subsided and
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prohedonic effects begin to emerge (Zarate et al., 2006), thereby advancing insight
across these two critical phases.

Although it remains contentious whether the acute psychomimetic effects of ketamine
and other psychoplastogens, e.g., psilocybin, during administration are causally
responsible for, merely modulatory of, or entirely unrelated to their therapeutic effects
(Ballard & Zarate, 2020; Grabski et al., 2020; Hesselgrave et al., 2021; Yaden & Giriffiths,
2020), multiple studies highlight that the acute experiences during ketamine
administration, both positive and negative (Aepfelbacher et al., 2024; Aust et al., 2019;
Luckenbaugh et al., 2014), are associated with subsequent clinical outcomes. In
general, the most common acute side effect of subanesthetic ketamine is anxiety (Short
et al., 2018). Given that infusion-related anxiety has been linked to significantly poorer
clinical outcomes (Aust et al., 2019) and can even lead to treatment discontinuation
(Feifel et al., 2020), Study 2 (Graf et al., 2024) sought to test whether individual
differences in neural morphology are associated with this common adverse response.
The goal was to provide insight relevant to precision medicine by identifying
morphological predictors of experienced anxiety during administration, thereby
improving risk stratification and individualized care. To do so, the study assessed
hippocampal and amygdalar volumes, two regions strongly implicated in anxiety
(Espinoza Oyarce et al., 2020; Ghasemi et al., 2022; Hayano et al., 2009; Kim et al.,
2011; Shi et al., 2023), and tested whether these measures are associated with the
intensity of subjective anxiety during infusion. The analysis indicates an inverse
relationship between hippocampal head volume and the intensity of acute anxiety
during ketamine administration. Yet, it should be noted that these findings were derived
from a single study in healthy individuals and replication, particularly in the clinical
populations for whom ketamine is indicated, is essential to determine whether
hippocampal head morphology is exclusively predictive of infusion-related anxiety,
without any contributions of the amygdalar volume. Nevertheless, the observed pattern
aligns with prior work (Satpute et al., 2012), suggesting distinct functional specialization
of hippocampal subfields. More specifically, the anterior hippocampus is more closely
linked to state anxiety, the transient experience of fear, while posterior regions are more
associated with trait anxiety. In this context, the present morphological results are
consistent with reduced anterior hippocampal volume being associated with acute
state-like anxiogenic responses during ketamine administration.

So, should individuals, especially focusing here on the generalization of these findings to
patients with major depressive disorder, be excluded from ketamine treatment on the
basis of a smaller hippocampal head volume due to a potentially higher likelihood of
acute averse anxiogenic responses and treatment discontinuation? No. These findings
should be interpreted primarily as a potential moderator, linking phenomenology to a
biological marker, which is useful for modeling treatment outcomes and informing risk
mitigation. This recommendation is based on several observations in the broader
depression literature. First, the very patients for whom ketamine treatment is usually
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intended, patients with (treatment-resistant) major depressive disorder, typically exhibit
significantly reduced hippocampal volume (Espinoza Oyarce et al., 2020). Second,
some evidence suggests that ketamine exerts a more pronounced antidepressant effect
in patients with smaller hippocampal volume (Abdallah et al., 2015; however also see
Dutton et al., 2024). Third, although evidence is scarce in humans, findings suggest that
ketamine increases hippocampal volume through its neuroplastic properties, providing
a plausible pathway for its antidepressant and prohedonic effects (Hoflich et al., 2021).
Thus, while the presented results highlight that smaller hippocampal volume is
associated with a greater likelihood of acute anxiety-provoking experiences during
ketamine administration, the very patients for whom ketamine treatment is typically
intended exhibit this particular morphology. Hence, rather than concluding that a
smaller hippocampal volume might be predictive of worse overall treatment outcomes
and warranting the exclusion of such individuals from treatment a priori, it merely
highlights an important trade-off: heightened acute anxiety-inducing responses during
administration versus the potential for meaningful improvement afterward. Clinically,
the question should thus not be whether these patients are suitable for ketamine
treatment, but how best to anticipate, support, and manage acute anxiety during
administration.

Does ketamine exert measurable behavioral effects on reward processing in
healthy participants in the subacute phase? Yes, itincreases the hedonic
experience, both affective and physiological markers; however, residual adverse
effects are still present.

As alluded to above, subanesthetic doses of ketamine can induce a range of common
adverse side effects, including anxiety, blurred vision, headache, nausea, dry mouth,
poor coordination, restlessness, and dizziness (Murrough et al., 2013; Short et al.,
2018). Although these responses are typically assumed to abate shortly after infusion
and thus be confined to the acute phase, data from Study 2 (Graf et al., 2024) indicate
that they persist into the subacute phase. Despite a marked reduction in symptom
intensity from the acute to the subacute phase following ketamine administration,
participants still reported significantly more adverse effects four hours post-infusion
under ketamine than under placebo. Since residual side effects, such as nausea or
general malaise (Becker et al., 2019), can dampen hedonic experience and reduce task-
based pleasure ratings, monitoring of psychotomimetic and adverse effects should
extend way beyond the infusion into the subacute and early post-acute windows. More
specifically, researchers should track these symptoms and include them as time-
varying covariates even when tasks occur several hours after dosing, as lingering
symptoms may attenuate ketamine’s therapeutic effects. This is especially important to
consider for studies of ketamine’s prohedonic effects in healthy participants, where
expected effects are likely small in the absence of aberrant reward processing.
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Nonetheless, Study 4 (Kathofer, Mediano, et al., 2025) provides clear evidence that
ketamine exerts prohedonic effects in healthy participants during the subacute phase.
Data from the specifically designed hedonic music task highlights that ketamine
increased all tested dimensions of the hedonic experience, from basic judgments of
stimulus valence to the more emotionally connoted positive experience of being moved
(Menninghaus et al., 2015). It likewise enhanced the subjective intensity of experienced
chills, a physiological marker of peak hedonic experience (Schoeller et al., 2024).
Together, these findings support the conclusion that ketamine increases the hedonic
experience, the consummatory component of reward processing, even in people who do
not present with reward dysfunction or anhedonia, indicating that ketamine can exert its
prohedonic effects also in individuals without clinical deficits. This is especially
noteworthy as, unlike other studies typically relying on self-report questionnaires, our
paradigm provides experimental evidence of ketamine’s prohedonic effects at an
understudied time point within its therapeutic window, addressing a notable gap in the
literature. However, compared with the robust, large therapeutic effects often reported
in patients with major depressive disorder (Almeida et al., 2024; Nikolin et al., 2023), the
effects observed in this study were only small. A fact largely anticipated, as healthy
individuals, by definition, should not exhibit pronounced anhedonic symptoms, leaving
limited room for improvement. Despite this potential ceiling effect, the data
demonstrates that ketamine’s prohedonic effects also manifest in healthy individuals
during the subacute phase, roughly four hours after drug administration.

A key implication of these results for prevention research is that if ketamine can
enhance hedonic experience even in individuals without clinical deficits, it may help
buffer against emerging anhedonia and depressive symptoms in those with subclinical
depression. This group typically exhibits mild anhedonic and depressive symptoms
without meeting diagnostic criteria, yet faces a substantially elevated risk of progressing
to major depressive disorder (Lee et al., 2019). Prevention studies should therefore
examine whether transient reductions in depressive symptoms using ketamine can
serve as strategic interventions to stabilize affective functioning before a full depressive
episode consolidates.

What are ketamine’s effects on neural activity in the sub-acute phase? In the MID,
ketamine showed no effects on any stages of reward processing, whereas during
the hedonic music task, multivariate analyses revealed a distinct shift toward
redundancy-dominated information processing in the resting-state, potentially
underlying its pro-hedonic effects.

Despite clear behavioral evidence that ketamine robustly enhances hedonic
experiences in the subacute phase, its corresponding neuromodulatory effects were
rather elusive. Especially, the analysis of the MID task did not reveal any ketamine-
related changes in neural activity associated with either the anticipatory or the
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consummatory phase of pleasure. This is surprising given that we specifically examined
canonical reward regions, including the amygdala, insula, NAc, striatum, and thalamus,
which are typically implicated in general reward processing (Yarkoni et al., 2011).
Although evidence is scarce, prior studies using the MID have reported ketamine-
induced alterations in similar regions, though at different post-infusion time points and
across different cohorts. For instance, in remitted patients with depression, ketamine-
related neuromodulatory effects have been observed around 2 hours post-
administration during both anticipation and consumption (feedback), across
mesolimbic structures including the amygdala, ventral and dorsal striatum, VTA, and
insula (Kotoula et al., 2021). By contrast, when focusing on healthy participants, the
neuromodulatory effects of ketamine appear to be less distinct. Frangois and
colleagues (2016) reported attenuated ventral striatal responses confined to the
anticipatory phase at 40 minutes post-infusion, with no corresponding change during
the feedback phase. In comparison, our study, which detected no ketamine-related
neuromodulation, examined a later subacute window, when ketamine and its
metabolite norketamine are well past peak concentrations (Kamp et al., 2020). As
ketamine’s effects appear to depend on both cohort, with clinical samples showing
more robust findings, and timing, our null result might reflect a transitional period in
which acute psychotomimetic and acute wide-spread receptor blocking effects have
already subsided and neuroplastic processes are beginning, but are not yet detectable
as robust task-evoked BOLD changes in canonical reward regions.

An alternative complementary explanation is analytic sensitivity. The analysis of the MID
task relied on mass-univariate contrasts, which may have been unable to detect more
subtle distributed neural shifts associated with ketamine’s neuromodulatory effects. An
interpretation corroborated by a power analysis, highlighting that the study was only
sufficiently powered to detect large effects, rendering smaller ketamine-related changes
effectively invisible. In general, this approach stands in sharp contrast to the analysis
used for the hedonic music task, which employed multivariate methods to characterize
ketamine’s effects on neural dynamics. Thereby, the study fundamentally shifted its
focus from detecting localized activation differences to examining how ketamine
modulates neural information exchange across the brain’s network.

While the emergence of the hedonic experience itself appears to reshape global neural
information dynamics (Kathofer, Mediano, et al., 2025), the same O-information analysis
indicates that ketamine does not significantly alter global information processing in the
subacute phase. Although prior work has reported that ketamine can indeed induce
powerful global changes in information dynamics using the same measure (Herzog et
al., 2024), our results suggest these effects are confined to the tested acute window and
are therefore unlikely to underwrite its prohedonic effects during the subacute phase. In
contrast, finer-grained examinations of pairwise information dynamics using WMS
revealed ketamine-related modulation of neural information flow during both rest and
music listening (task performance). At rest, ketamine shifted dynamics almost
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unanimously toward greater redundancy across a broad network spanning frontal,
parietal, and subcortical regions, whereas during task performance, effects were more
heterogeneous, with distinct increases and decreases across regions. Together, these
findings provide the first evidence of ketamine’s neuromodulatory impact on neural
information flow in the subacute phase and highlight a fundamental dissociation:
ketamine promotes redundant dynamics at rest but exerts mixed region-dependent
effects during active music listening.

Nevertheless, the WMS analysis did not clearly reveal how ketamine specifically exerts
its prohedonic effect during the task, as no interaction effect emerged between the
intensity of evoked hedonic experiences and ketamine on neural information dynamics
during task performance. Given the observed importance of redundancy for the
emergence of the hedonic experience in the hedonic music task and the distinct
redundant shift of resting dynamics following ketamine administration, | hypothesized
that ketamine might facilitate its therapeutic effects through precisely this shift of
resting information dynamics toward greater redundancy, and that the magnitude of this
shift would be predicative of ketamine’s prohedonic effects during the task. The
rationale being that increased redundancy enhances the brain’s baseline access to
critical internal representations distributed across its network, and since hedonic
experiences are shaped by both internal and external processes (Leder et al., 2004),
ketamine basically fosters a neural state that supports more intense hedonic
experiences, even when identical integrative processes within the observed hedonic
cluster are triggered from the same identical incoming (musical) inputs. An additional
analysis supported this conjecture, showing that the greater ketamine shifted neural
information dynamics toward redundancy at rest, the more intense the subjective
hedonic experience during music listening, despite identical stimulus-driven integrative
demands. To my knowledge, this provides the first experimental evidence that
ketamine’s prohedonic effects may be mediated by a widespread shift of resting neural
dynamics toward redundancy, potentially enabling more reliable access to internal
representations through increased information sharing across regions.

However, the association links ketamine-induced changes in resting-state information
dynamics to subsequent hedonic responses during task performance, rather than
demonstrating a direct ketamine-by-hedonic-intensity interaction in task-evoked
dynamics. This is a valid limitation. That said, numerous studies show that resting-state
dynamics are closely linked to task-evoked neural activity and can predict subsequent
task performance (Biernacki et al., 2026; Cole et al., 2016; Sala-Llonch et al., 2012;
Stevens & Spreng, 2014), supporting the view that baseline activity can be indicative of
downstream behavior. In this context, it seems reasonable to posit that ketamine alters
intrinsic (resting) dynamics in particular ways that are predictive of its prohedonic effect
during later task performance. Indeed, emerging evidence suggests that ketamine can
increase redundancy in resting-state dynamics (Herzog et al., 2024; Kotoula et al.,
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2021), aligning with our observed association. Our proposed mechanism that
ketamine’s prohedonic effects arise from its impact on intrinsic resting-state dynamics
that enhance access to (critical) internal information, though plausible, requires further
validation, ideally in clinical populations in which baseline reward processing is atypical.
Studies with dense sampling across ketamine’s therapeutic window are necessary to
further corroborate the idea that ketamine’s therapeutic effects diminish as redundancy
returns toward baseline. Lastly, our tentative interpretation that ketamine’s shift toward
more redundant resting-state information dynamics facilitates a brain state with
improved access to internal representations, unconscious thought, and other intrinsic
processes requires targeted tests. Specifically, future work needs to examine whether
this putative enhancement of access to internal information improves performance on
tasks that rely heavily on intrinsic processing and similarly diminish as ketamine’s
effects on resting-state dynamics wane. Still, the presented work outlines a theoretically
plausible and easily testable mechanism for how ketamine might facilitate its
prohedonic effects.

Conclusion

Reward processing is vital to all living organisms, as it underlies motivation, learning,
decision-making, and, more generally, goal-directed behavior (Dayan & Balleine, 2002;
Grace et al., 2007; Rushworth et al., 2011). Consequently, enormous interdisciplinary
efforts have been dedicated to understanding its normal and aberrant forms (Ng et al.,
2019), the neural mechanisms that support it (Watabe-Uchida et al., 2017), and its
effective pharmacological modulation (Cao et al., 2019). To do so, researchers have
employed a myriad of different paradigms across a multitude of species (Berridge &
Kringelbach, 2008). The work presented in this thesis aimed to meaningfully contribute
to this collaborative endeavor by expanding our knowledge of the hedonic experience in
particular, from its inception and acute phenomenological experience to its modulation
by the prohedonic agent ketamine. Acknowledging the many ways hedonic experiences
can be elicited, the studies deliberately used a diverse set of stimuli, including money,
music, and art, and leveraged task-appropriate analytic methods to address open
questions in these domains.

Collectively, the results of this thesis expand our understanding of the necessary
conditions under which hedonic experiences emerge and refine our view of their neural
substrate, the reward network, by showing that these populations encode more than
pleasure per se, challenging the common, overly narrow view that activity in these
regions is purely valence-related. By integrating the study of neural encoding with an
account of the dynamic, multivariate information processes that underlie hedonic
experience, the thesis provides valuable insights into the neural basis of hedonia from
two complementary angles. Although the brain continuously integrates information
across its vast network of neurons, this process is not directly measurable with current
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methods. Nonetheless, as technological and mathematical tools have advanced over
the decades, neuroscience has progressed from simple activation studies to network
neuroscience and causal modeling, seeking ever more faithful descriptions of brain
function. Building on these advances, the present thesis provides evidence that intense
hedonic experiences arise from a distinct temporal evolution of both synergistic and
redundant brain states and emphasizes the important role of redundancy in information
sharing about an incoming stimulation, on which subsequent hedonic processes rely.
Together, these insights provide, for the first time, a glimpse into the multivariate
information dynamics underpinning hedonic experience and lay the groundwork for
future investigations into the specific role that early redundancy in stimulus-information
propagation plays in shaping subsequent behavior.

Yet, this thesis aimed not only to deepen our understanding of how hedonic experiences
emerge from neural activity, but also to provide a clearer account of ketamine’s
therapeutic and neuromodulatory effects across the acute and subacute phases.
Importantly, the presented work highlights a link between individual morphological
predispositions and acute adverse side effects. Extrapolating these findings to MDD
patients, clinicians are advised to proactively anticipate intense anxiety-related
symptoms in MDD patients during ketamine administration and implement targeted
mitigation strategies to improve well-being and thus potentially preserve ketamine’s
therapeutic efficacy. Furthermore, the findings of this thesis also advance our
understanding of ketamine’s neuromodulatory effects in the subacute phase. While a
traditional activation-contrast paradigm did not detect any ketamine-related neural
modulation during either the anticipation or consumption phases, the analysis of
multivariate neural information dynamics revealed that ketamine does indeed markedly
shift dynamics at rest. This, in combination with the observed increase in hedonic
responses, clearly demonstrates that ketamine already exerted its prohedonic
neuromodulatory effects at the time of testing and thus should have been detectable by
the MID task, which was conducted immediately after the hedonic music task. One
explanation is that traditional contrast paradigms may lack the necessary sensitivity to
detect ketamine’s impact on neural activity in the subacute phase, whereas multivariate
information-theoretic approaches may be better suited to study its (subtler)
neuromodulatory effects. This multivariate approach further identified a potential neural
correlate, a uniform shift toward redundancy in resting-state information dynamics, that
may underpin ketamine’s rapid-acting prohedonic effects and thus provides a tangible
starting point for more focused mechanistic studies.

In conclusion, this thesis advances our understanding of the hedonic experience, from
its static encoding in the reward network and the dynamic information processes
underlying its emergence, to its effective modulation by the prohedonic agent ketamine.
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