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Chapter 1 - Introduction

Opioid drugs are among the most ambiguous elements in the landscape of modern medicine. On the
one hand, they are indispensable for treating acute and chronic pain, exemplified by the inclusion of
opioid medications on the World Health Organisation’s list of essential medicines (World Health
Organization, 2023). For many people with chronic pain, opioids can provide at least short-term relief
(Nury et al., 2022), which explains why a rising prevalence of chronic pain (Nahin et al., 2019, 2023) is
accompanied by an increase in global opioid sales (Ju et al., 2022). On the other hand, repeated use of
opioids - either obtained by prescription or illicitly - can have grave consequences, including opioid
addiction, a compulsive pattern of continued opioid use despite significant distress and severe health
consequences, including the risk of fatal overdose (Strang et al., 2020). In the present day, potential
consequences of opioid use are nowhere as exemplified as in Northern America, where the United
States finds itself in what has been called opioid crisis or opioid overdose epidemic. Since the year 2000,
the number of people using opioids saw a steep increase and, dramatically, by 2021, the number of
annual fatalities from opioid overdoses had increased fivefold compared to the start of the millennium
(Centers for Disease Control and Prevention, 2024b), with over 100,000 U.S overdose deaths in 2023.
At present, drug overdoses, most of which involve some opioid, constitute the leading cause of injury-
related death in the United States (Centers for Disease Control and Prevention, 2024a). In Germany,
around 166 000 people are estimated to be addicted to opioids (German Federal Ministry of Health,
2018) and more than 1 200 drug-induced deaths with opioid involvement were reported in 2021
(European Monitoring Centre for Drugs and Drug Addiction, 2023). Apart from fatal overdoses, opioid
addiction can significantly impact physical and mental quality of life (Griffin et al., 2015) and has proven
to be extremely difficult to overcome as indicated by frequent relapses even after prolonged bouts of

abstinence (Hser et al., 2015).

However, despite the high number of individuals addicted to opioids, it is important to point out that
only a minority of people who use opioids eventually develop addiction. When prescribed for the
management of acute (e.g. post-operative) or chronic (e.g. cancer treatment) pain, the rate of opioid
addiction was estimated to lie between 8 and 12% of patients (Vowles et al., 2015). Depending on the
study design, diagnostic criteria, and data source, it might be even lower (Han et al., 2017; Higgins et
al., 2018; Just et al., 2018; Kendler et al., 2023), implying that most pain patients maintain control over
their opioid use. Among people who use opioids obtained illicitly (i.e. non-medically), rates of opioid
addiction are somewhat higher — estimated to range from 13 to 25% (Becker et al., 2008; Elliott &
Jones, 2019; Martins et al., 2017).

This goes to show that chronic opioid use does not necessarily lead to addiction. In fact, while some

transition into addiction, most maintain control over their use, prompting the critical question of why
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some people develop opioid addiction while others do not. Answering it carries tremendous
importance in addressing two health care challenges simultaneously — providing adequate relief for an
increasing number of people with chronic pain while minimising the risk of addiction that chronic

opioid use brings.

To understand why people develop addiction to opioids, it is worthwhile to first take a step back and
reflect on what opioids are, what people use them for, and how they exert their effects. “Opioid” is an
umbrella term, coined to denote a group of substances — some illicit, others available on prescription
- with “opium-like” properties. The name-giving opium — dried juice obtained from the seed capsule of
the papaver somniferum poppy plant —has been used since Neolithic times for purposes of alleviating
pain and treating insomnia (Brownstein, 1993). Its derivatives laudanum, morphine and
diacetylmorphine (better known as heroin) were immensely popular and widely prescribed for pain
relief until the mid-20™" century. Today, various synthetic opioids are available for treating acute and
chronic pain, each supposedly improved in its efficacy, safety profile, or abuse potential. What these
substances have in common (and what is also reflected in their colloquial name “painkillers”) is that
they are primarily used to avoid unpleasant states, such as pain, stress or anxiety (Han et al., 2017).
Critically, opioids can provide such avoidance because they change the perceived aversiveness of
stimuli or subjective states. While alleviating physical pain is the most prominent effect of opioid-
induced changes to aversion processing — mechanisms related to experiencing the disliking of a
stimulus or state, usually accompanied by avoidance behaviour (American Psychological Association,
2018) - several other aspects are similarly impacted by opioids. For example, following acute opioid
use, feelings of anxiety are reduced (Eikemo et al., 2023), physiological stress reactions are attenuated
(Bershad et al., 2015, 2018; Massaccesi et al., 2022), negative effects of social rejection are dampened
(Bershad et al., 2015, 2016), and recognition of fearful or angry facial expressions is reduced (lpser et
al., 2013; Lgseth et al., 2018). It is crucial to point out that even though opioids can increase feelings
of pleasure and induce euphoria in some, this is not the case for the majority of individuals (Eikemo et
al.,, 2023), and avoidance of aversive states has been repeatedly reported to be the principal
motivation driving opioid use (Han et al., 2017; McHugh et al., 2022; Weiss et al., 2014). Indeed, Comer
et al. (2010) coined the phrase “negative euphoria” to describe that opioids elicit pleasant feelings only

because aversion was reduced.!

Pharmacologically, opioids act by binding on a certain group of receptors widely distributed
throughout the human body (Al-Hasani & Bruchas, 2011; Peng et al., 2012). These opioid receptors

(mainly p-, 6-, k- and ORL1-receptors) play a key role in modulating several vital systems, such as the

1 Poignantly, when reflecting upon his heroin addiction, the author William Burroughs (1914-1997) contemplated
a similar idea: “I have experienced the agonising deprivation of junk [heroin] sickness, and the pleasure of relief
when junk-thirsty cells drank from the needle. Perhaps all pleasure is relief.” (Burroughs, 2008, p. 41)
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central and peripheral nervous system (CNS and PNS), the cardio-vascular system and the gastro-
intestinal system. Opioid drugs are structurally very similar to opioid receptors’ natural ligands,
endogenous opioids, a class of peptides synthesised in the human brain. The release of endogenous
opioids determines the opioidergic tone and regulates the activity of brain networks with a high opioid
receptor density (Nummenmaa & Tuominen, 2018). Experimental manipulation of the opioidergic tone
demonstrates that the opioid system modulates how pleasant or unpleasant a stimulus or state is
perceived to be. When the opioidergic tone is reduced by blocking opioid receptor function through
the administration of an antagonist, appetitive stimuli are perceived as less rewarding (Meier et al.,
2021). Conversely, following antagonist treatment, fear learning is increased and more sustained
(Eippert et al., 2008), money loss is perceived as more unpleasant (Petrovic et al., 2008), and while
opioid antagonists do not necessarily worsen the experience of pain, they appear to fine-tune it
(Eikemo et al., 2021). Opioids?, on the other hand, increase opioidergic tone by binding to opioid
receptors and mimicking the effects of endogenous ligands (Al-Hasani & Bruchas, 2011), which then
also results in altered functioning of brain areas rich in opioid receptors (Becerra et al., 2006; Kantonen

et al., 2020; Leppa et al., 2006).

Repeatedly increasing the tone of the opioid system by way of opioid use, however, introduces
changes to its functioning. Chronic opioid use (i.e. regular use for at least three months; Chou, 2015)
can lead to structural and functional alterations of u-receptors, such as desensitisation and accelerated
receptor internalisation, which in turn prompt changes in the behaviour of pre-synaptic neurons (e.g.
reduced transmitter release probability), ultimately resulting in the dysregulation of entire neural
systems modulated by endogenous opioids (Christie, 2008). One indicator of an altered opioid system
is the build-up of tolerance: Over time, a dose that initially caused a certain effect will cease to have
the same effect — to reach the same effect again, a higher dose needs to be administered (Christie,
2008). Underlying this is an allostatic state introduced by chronic opioid use: a disruption to the
“natural flow” (homeostatic state) of neural signalling (Cahill et al., 2016; Koob, 2020) where normal
functioning is only maintained when opioids are continuously administered. Once the opioid is
metabolised and loses its effect, withdrawal sets in. In contrast to the opioid-induced effects of
reduced pain perception, relaxation, and anxiolysis, this withdrawal state is characterised by
sensitization to pain, dysphoria, irritability, and pronounced bouts of anxiety (Srivastava et al., 2020).
This is often complemented by somatic withdrawal symptoms such as tachycardia, diarrhoea, and
insomnia. Withdrawal symptoms last until the opioid system has regained homeostasis, which can take

from a few days up to two weeks after last use (Srivastava et al., 2020). Critically, withdrawal ceases

2 Formally, all substances (endogenously produced or exogenously administered) that bind to opioid receptors are considered
opioids. As this thesis concerns the chronic use of opioid drugs, i.e. exogenously administered drugs which primarily act as
agonistics on p-receptors, from here on | will use the term “opioid” for those substances, unless stated otherwise.
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instantly once a sufficiently high opioid dose is taken, rendering avoidance of withdrawal a motivation
for continued opioid use (Koob, 2020). This interplay between opioid use, tolerance, and withdrawal
represents a physical dependence on opioids, which represents a normal response to chronic use,
where the extent differs between individuals (e.g. Ware & Dunn, 2023). Importantly, dependence is
phenomenologically distinct from addiction and is not sufficient for a diagnosis of opioid addiction

(Ballantyne et al., 2019).

Given that chronic use leads to adaptations of the opioid system and the key role of the opioid system
for aversion processing, it is reasonable to expect that chronic opioid use also alters aversion
processing. First evidence indeed supports this assumption: Patients with chronic use due to either
addiction or chronic pain report higher pain sensitivity (opioid-induced hyperalgesia; Higgins et al.,
2019; Trgstheim & Eikemo, 2024), stronger stressful responses to social rejection (Kroll et al., 2019),
higher feelings of social exclusion (Bach et al., 2019) as well as increased emotional responses to
negative affective images and fearful facial expressions (Aguilar De Arcos et al., 2008; Schmidt et al.,
2014). These findings remarkably contrast the effects of acute opioids in healthy volunteers, where
pain sensitivity was reduced, reactivity to negative emotions attenuated, and effects of social rejection
and social stress were dampened (see above) and are consistent with a decreased opioidergic tone

following chronic opioid use, possibly due to reduced pre-synaptic receptor availability.

To summarise, an increasing number of people use opioids to avoid aversive states, most prominently
physical pain, which can be explained by opioids’ effects on brain areas implicated in aversion
processing. When used chronically, the opioid system changes, which might in turn cause changes in
aversion processing. To this date, it is still unclear which aspects of aversion processing are altered
following chronic opioid use. It is also unknown whether individual differences in aversion processing
contribute to the development and maintenance of opioid addiction. Characterising how aversion
processing is altered following chronic opioid use and its potential specificity to opioid addiction will
help researchers better understand how opioid addiction develops. More importantly, it will help
practitioners and patients make more informed decisions about prescribing opioids, maximising their

therapeutic potential while simultaneously minimising the risk of addiction.

In this thesis, | seek to characterise aversion processing following chronic opioid use in patients with
and without addiction. | will first describe the role of the opioid system in various aspects of aversion
processing, before summarising existing evidence for a relationship between opioid addiction and
aversion processing (Chapter 2). | will conclude this chapter by stating the hypotheses for this thesis.
In Chapter 3, | will present the general methodology applied to test these hypotheses. In the chapters

to follow (Chapters 4 through 8), | will investigate different aspects of aversion processing following
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chronic opioid use with and without addiction. Finally, in Chapter 9, | will discuss my findings in more

depth and conclude with implications for future research as well as for clinical practice.
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Chapter 2 - Background

In the following, | will review the existing literature in regards to a proposed bidirectional relationship
between opioids and aversion processing. On the one hand, endogenous opioids are involved in
aversion processing and acute opioid use alters aversion processing; on the other hand, when opioids
are used chronically, inter-individual differences in aversion processing might contribute to who

develops opioid addiction and who does not.

2.1 - Aversion processing and the opioid system

Aversion processing refers to a group of psychological mechanisms related to responses towards
aversive stimuli or states, i.e. stimuli or states that are assigned a negative value and that are therefore
disliked and undesirable® (American Psychological Association, 2018). It encompasses a multitude of
mechanisms, spanning from the recognition of aversive emotions to the ability to learn from aversive
experiences to higher-order processes, such as regulatory control over avoidance behaviour.
Understanding the role of the opioid system in these processes constitutes a first step toward
understanding how chronic opioid use might alter aversion processing and potentially contribute to
the development of opioid addiction in some, but not in other, individuals. Therefore, in the following,
| will introduce key aspects of aversion processing and review their neural underpinnings with a focus

on the opioid system.

Recognition of aversive emotions

Recognising another person’s emotional state is a critical social skill that allows us to adapt our
behaviour towards others and their current needs. As such, emotion recognition is closely tied to
empathy (Besel & Yuille, 2010) and social intelligence (Austin, 2004). Beyond its importance in the
social domain, impaired recognition of others’ emotions is associated with the ability to identify and
describe one’s feelings (alexithymia; Sifneos, 1973). Especially difficulties in recognising fear and anger
are related to impairments in perspective-taking (Trubanova et al., 2015) and theory of mind (Corden
et al., 2006) as well as increased anti-social behaviour (Marsh & Blair, 2008). The ability to recognise
fear, anger, and other aversive emotions in other’s faces therefore represents a crucial aspect of
aversion processing, with impairments potentially detrimental to social relationships and emotional

well-being.

3 1ts antonym, reward processing, covers responses related to appetitive stimuli or states that are assigned positive values.
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Recognising emotions in facial expressions is a multi-layered process with complex underlying
neurobiology. For successful emotion recognition, certain facial actions (face action units, e.g. raised
eyebrows, lips stretched toward ears) are detected, combined, and used as cues, in reaction to which
attention is directed to particularly relevant facial features (such as the eye region). Simultaneously,
information about emotional categories is retrieved from memory and the observed facial actions are
simulated (facial mimicry), leading to the correct classification of the specific emotion in question
(Spunt & Adolphs, 2019). These sub-processes rely on various brain regions: the superior temporal
sulcus serves the initial recognition of facial actions (Srinivasan et al., 2016), the amygdala shifts
attention to emotionally relevant features and recruits additional cortical brain areas (Diano et al.,
2017; Gamer & Biichel, 2009), and the somatosensory cortex simulates embodied emotions (Kragel &
LaBar, 2015). Perturbations to these brain areas significantly impair the ability to recognise negative
emotions. Lesions to the amygdala in particular reduce accuracy in recognising fear (Adolphs et al.,
1994) and anger (Adolphs & Tranel, 2003), which can be explained by reduced attention towards

information-rich facial features (Adolphs et al., 2005).

Experimental studies have demonstrated the involvement of the opioid system in recognising aversive
emotions in faces. Administration of the p-agonist and partial k-antagonist buprenorphine leads to
impaired fear recognition compared to placebo (lpser et al., 2013). Likewise, buprenorphine also
reduces attention to fearful faces (Bershad et al., 2016), which is thought to underlie the impaired fear
recognition. Administration of the p-agonist morphine reduced the perception of anger in faces with
neutral or subtle facial expressions (Lgseth et al., 2018), while oxycodone did not alter subjective or
neural responses to emotional facial expressions (Wardle et al., 2014). Additionally, the non-selective
opioid antagonist naltrexone delayed recognition of sadness and fear in others’ faces (Wardle et al.,
2016), which could be explained by reduced visual exploration and attention to the eye region

following naltrexone administration (Chelnokova et al., 2016).

These studies demonstrate that the opioid system is involved in the recognition of negative emotions.
Directing attention towards relevant facial features for identifying fearful (and potentially angry) faces
could to be a critical mechanism of emotion recognition that is modulated by opioids. The fact that the
key neural substrate for emotionally directed attention, the amygdala, is dense in p- and k-receptors

(Pfeiffer et al., 1982) underscores this notion.

Fear conditioning and safety learning
Beyond mere identification of whether a stimulus is aversive or not, there is a need to anticipate
whether an aversive event will occur, providing oneself with the possibility to react accordingly.

Environmental cues that have been paired with aversive events are learned by association to elicit fear,

13



an affective response to anticipated threat (Mobbs et al., 2019), prompting a defensive reaction before
the actual events occur. In experimental psychology, fear conditioning (also called aversive Pavlovian
conditioning) describes the mechanism through which the presentation of a previously innocuous cue
(conditioned stimulus; CS) elicits a fear response after being paired with an aversive stimulus
(unconditioned stimulus (US); Fullana et al., 2016). Safety learning, conversely, describes the
mechanism through which a cue elicits a safety response after being repeatedly followed by an
absence of the US (Harrison et al., 2017). To facilitate an adaptive emotional response to the presence
and absence of threat, both mechanisms need to be balanced, with fear responses expressed towards
threatening cues and safety responses towards non-threatening cues. A disruption to this balance,
such as expressing fear responses towards safety cues, can become highly debilitating and has been
reported in patients with anxiety disorders and post-traumatic stress disorder (Mahan & Ressler, 2012;

Pittig, Treanor, et al., 2018).

In the brain, learning of fear and safety are encoded in widespread networks. A meta-analysis of fMRI
fear conditioning studies showed increased activation in a so-called fear network (including anterior
insula and dorsal anterior cingulate cortex; dACC) during CS presentation in the acquisition phase, i.e.
when the CS is followed by the US (Fullana et al., 2016). Simultaneously, activation of a safety network
(including the ventromedial prefrontal cortex; vmPFC) is suppressed. When the USis no longer present,
fear network activation decreases over time (extinction phase), suggesting that the network tracks the
aversive value of the CS (Fullana et al., 2018). Presentation of a safety cue activates the vmPFC, which
leads to an inhibition of the fear response (Harrison et al., 2017). This demonstrates that distinct brain
networks underlie the adaptive learning of fear and safety information about previously neutral

context cues.

The opioid system has been implicated in fear conditioning through a line of animal studies, suggesting
that fear and safety learning rely on opioid-dependent prediction error signals in multiple brain regions
including the periaqueductal grey (PAG) and the amygdala (McNally et al., 2011). In humans, one study
found that the administration of the non-selective opioid antagonist naloxone led to more sustained
activation of the amygdala and enhanced acquisition of fear responses (Eippert et al., 2008). In
accordance with animal research, this suggests that endogenous opioids inhibit fear responses after
initial learning. Blocking opioid receptors disrupts this process, underscoring the role of the opioid

system in efficient emotional learning and adaptive responses to aversive stimuli.

Instrumental avoidance learning

Instrumental avoidance learning presents another aversive learning mechanism, related but yet

distinct from fear conditioning, that conveys learning from past aversive experiences. Instrumental
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learning in general relies on the assumption that future behaviour is guided by the consequences of
past behaviour: if a behaviour has led to a positive outcome (positive reinforcement) or the avoidance
of a negative outcome (negative reinforcement), it should be carried out with higher probability or
frequency in the future (Sutton & Barto, 2018). In instrumental avoidance learning, a behaviour that
leads to an aversive outcome should be reduced or ceased entirely, while competing behaviours that
led to the omission of that outcome should be selected more frequently. This provides an opportunity
to avoid harm flexibly and adaptively: the more information about the relationship between a

behaviour and its outcome is learned, the easier it is to avoid aversive outcomes by choosing correctly.

In the brain, instrumental avoidance learning relies on a fronto-striatal circuit that includes, among
other structures, the anterior insula, the caudate nucleus in the dorsal striatum, and the medial
orbitofrontal cortex (mOFC; Kim et al., 2006; Pessiglione et al., 2006). An unexpected aversive outcome
(e.g. money loss) leads to activation of the anterior insula, where the aversive prediction error
(difference between expected and actual outcome) is encoded and paired with the behaviour that has
led to the outcome. Based on the expected outcome values of several competing behavioural options,
the behaviour associated with the highest expected outcome value is selected in the caudate
(Pessiglione et al., 2006). If the selected behaviour leads to the avoidance of an aversive outcome, the
mOFC is activated, which putatively updates the expected values of the selected behaviour (Kim et al.,
2006; Palminteri et al., 2012), leading to an accumulation of evidence for or against choosing

behavioural options over time.

While instrumental learning in generally is thought to be dependent on dopaminergic innervation of
the striatum (Pessiglione et al., 2006), instrumental avoidance could also modulated by the opioid
system. In a recent study, participants learned to avoid a painful stimulus, and while opioid receptor
blockage failed to alter overt avoidance behaviour, a computational parameter indicating successful
avoidance learning was increased (Jepma et al., 2022). One explanation for this potentially improved
avoidance learning could be that endogenous opioids attenuate aversive prediction errors in the
insula; blocking opioid transmission would potentiate prediction errors and facilitate avoidance
learning. Findings that naloxone increased insula activation in response to aversive outcomes support
this idea (Petrovic et al., 2008). Conversely, opioid agonists reduce insula activation following aversive
stimuli (e.g. Wise, 2002) and potentially minimise aversive prediction errors. This could impair learning,
as accurate tracking of aversive prediction errors is a central requirement for flexible avoidance.
However, insula activity was not altered following naltrexone in the above mentioned study by Jepma

et al. (2022), leaving the role of opioids in instrumental avoidance learning to be somewhat unclear.
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Pavlovian-To-Instrumental transfer

Although fear conditioning and instrumental avoidance learning represent two distinct mechanisms
through which affect and behaviour are shaped by aversive events, they are by no means independent
from each other. Pavlovian-to-Instrumental transfer (PIT) denotes a process through which
environmental cues that have acquired affective or motivational value by way of Pavlovian
conditioning can exert influence on instrumental behaviour (Holmes et al., 2010). It can either be
general (i.e. the outcome from instrumental learning matches the Pavlovian US) or specific (i.e. the
outcome from instrumental learning is unrelated to the Pavlovian US; Holmes et al., 2010). PIT has
been well documented for the appetitive domain, where the presentation of reward-associated
background cues increases approach behaviour acquired through instrumental learning (Talmi et al.,
2008). More recently, studies found a corresponding effect for the aversive domain where the
presentation of cues associated with aversive outcomes increased avoidance behaviour (Garofalo &
Robbins, 2017; Lewis et al., 2013; Xia et al., 2019). By and large, PIT is an adaptive mechanism that can
increase context-specific readiness for learned behaviours, marked by shorter reaction times and
increased vigour in experimental settings (Garofalo & Robbins, 2017; Huys et al., 2011); however, when
PIT is disproportionally strong, environmental cues can bias behaviour to a point where a person
performs approach or avoidance response even though this is not the optimal behaviour based on
their (instrumental) learning experience. For example, the smell of a hamburger (paired with a reward
- eating the burger - in the past) might elicit a strong desire for high-caloric food when choosing from
a menu, biasing choice towards this option even though one was supposed to be on a diet (specific
appetitive PIT). On the contrary, after receiving a call from your boss that has often criticised you
harshly in the past, you ride your bike incredibly passively and carefully as the cue previously paired

with punishment introduced an avoidance bias into unrelated behaviour (general aversive PIT).

Aversive PIT is enabled by the shared underlying neurobiology of fear conditioning and instrumental
avoidance learning. Within the cortico-striatal circuits involved in instrumental avoidance learning,
insula activation encodes aversive prediction errors which underlie the updating of aversive values,
critical when selecting whether or not to carry out an avoidance behaviour. During PIT, insula activation
is increased when the aversive CS is presented (Lewis et al., 2013), consistent with its role as part of
the fear network identified in conditioning studies (Fullana et al., 2016). As a result, a higher aversive
value is parsed through to the striatum, which biases decision-making in favour of avoidance.
Additionally, while instrumental avoidance depends on the caudate for response selection (Pessiglione
et al., 2006), PIT engages the putamen, a different sub-region of the dorsal striatum (Lewis et al., 2013)

implicated in automatic responding rather than deliberate action selection (Patterson & Knowlton,

16



2018). Taken together, more reflexive, cue-driven responses and increased aversive outcome values

could provide the neural basis for aversive PIT.

Given the role of opioids in fear conditioning and instrumental avoidance learning, it would be
reasonable to expect opioidergic modulation of aversive PIT. Enhanced fear responses to an aversive
CS (Eippert et al., 2008) and higher insula activation to aversive outcomes (Petrovic et al., 2008)
following opioid receptor blockage could presumably lead to an increased PIT effect. This would tie in
with the findings of increased aversive PIT in patients with major depression (Nord et al., 2018), a
disorder characterised by low opioidergic tone (M. Pecifia et al., 2019). One study tested opioidergic
modulation of appetitive PIT and found that PIT-induced increases in instrumental responding for
snack rewards were abolished following naltrexone administration (Weber et al., 2016). This would fit
the idea of decreased appetitive values after opioid receptor blockage, which could in turn increase
the CS aversive value. Nevertheless, whether a similar manipulation would indeed lead to a stronger

aversive PIT signal remains unclear.

Avoidance habits

Avoidance behaviour acquired via instrumental learning at first is goal-directed, meaning a behaviour
is selected based on the outcome it is expected to produce in a given context. As a consequence, if the
outcome changes, so does the probability of selecting the behaviour, which is crucial for flexibly
adapting behaviour to changing environments. However, when repeated extensively, behaviour can
gradually shift into a habit (Dickinson, 1985). Habits are carried out reflexively in response to a
stimulus, without considering the outcome of the behaviour. This makes habitual avoidance fast and
low on cognitive resources, but also inflexible to changing outcome values. The trade-off between
computational costs and flexibility renders goal-directed and habitual behaviour suitable under
different circumstances: Habits can be safely performed in routine settings; however, once relevant
features undergo change, goal-directed behaviour is required. The ability to switch between the two
systems underlies the behavioural balance that is necessary to successfully navigate complex
environments (Bouton, 2021). When this balance gets disrupted, either transiently due to stress or
persistently due to an over-reliance on the habit system (e.g. as part of a psychiatric disorder),
avoidance habits can dominate behaviour, as can be seen, for example, in patients with obsessive-
compulsive disorder (OCD), who might compulsively check whether they left on the oven to avoid their
kitchen catching fire, despite knowing that their behaviour does not actually contribute to

accomplishing this goal (Gillan et al., 2014).

Neuroimaging has identified separate, yet interacting, neural substrates for the goal-directed and the
habit system, implicating the vmPFC and caudate nucleus in goal-directed actions and the posterior
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putamen and supplementary motor area in habitual responses (De Wit, Watson, et al., 2012). In animal
studies, the shift from goal-directed to habitual behaviour is mirrored by a ventral-to-dorsal shift in
striatal activity (Gremel & Costa, 2013), which corresponds to the anatomy of caudate and putamen
findings in humans. Activation of the insula, previously mentioned for its important role in instrumental
avoidance, decreases over time when avoidance behaviour transitions into a habit; strength of
avoidance habits was predicted by reduced activity in the inferior parietal lobe, a brain region
implicated in outcome anticipation (Zwosta et al., 2018). This shows that when goal-directed behaviour
is extensively trained, reliance on outcomes decreases, promoting performance of outcome-
insensitive habits. Maladaptive overreliance on habits has been associated with altered functioning of
brain regions underpinning the goal-directed system, such as reduced vmPFC sensitivity to outcome
values following administration of stress hormones (Schwabe et al., 2012) as well as caudate and

vmPFC hyperactivation in patients with OCD (Gillan et al., 2015).

Several neurotransmitter systems have been implicated in the shift from goal-directed to habitual
behaviour, including the dopamine (De Wit, Standing, et al., 2012), serotonin (Worbe et al., 2015), and
noradrenaline system (Schwabe et al., 2012). Relatively little is known about the role of opioids in habit
formation. One study used positron emission tomography (PET) to determine the binding potential for
an p-opioid tracer and correlated the findings with behaviour in a task measuring model-free and
model-based learning, which can be understood as computational markers for habits and goal-directed
behaviour (Voon et al., 2020). Results showed that binding potential in the nucleus accumbens (NAcc),
a sub-region of the ventral striatum, was positively correlated with goal-directed avoidance behaviour
and negatively correlated with habitual avoidance. High binding potential indicates lower NAcc opioid
tone, which could enhance the impact of aversive outcomes and therefore facilitate goal-directed
instrumental learning (similar to the effects of an opioid antagonist; Jepma et al., 2022; Petrovic et al.,
2008). The observed low endogenous opioid tone could also generally reduce the acquisition of goal-
directed behaviour, which would be consistent with an animal study in which naloxone during
instrumental learning rendered the behaviour of rats less sensitive to changes in food value, i.e. more
habitual (Wassum et al., 2009). However, in the study by Voon et al. (2020), the correlation between
opioidergic tone and behaviour was found only for avoiding money losses, not for gaining money,
supporting the role of opioids as specific to aversion in the interplay between goal-directed and

habitual behaviour.

Taken together, while the opioid system has been implicated in many facets of aversion processing, its
role has been better characterised in some aspects compared to others. Previous literature implicates
endogenous opioids in processing aversive social information such as angry or fearful facial expressions

and in aversive learning, while opioidergic involvement in regulatory control over avoidance behaviour
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is less clear. As chronic opioid use alters the opioid system through various mechanisms (Christie, 2008)
and coincidently changes the structure of key brain regions related to aversion processing (Lin et al.,
2016; Younger et al., 2011), it would be plausible that aspects of aversion processing modulated by

opioidergic tone would also be altered following chronic use.

2.2 - Aversion processing in opioid addiction

While the majority of patients with chronic opioid use maintains control over their opioid use (Vowles
et al., 2015), some find themselves unable to stop use once negative consequences outweigh the
positive effects, a key criterion indicative of opioid addiction (Strang et al., 2020). It remains largely
unclear why some patients develop opioid addiction and how inter-individual differences in aversion
processing contribute to this development. In the following sections, | will first characterise opioid
addiction and its underlying neurobiology to then characterise the existing knowledge regarding the

relationship between aversion processing and opioid addiction.

Opioid addiction

Opioid addiction (classified as severe Opioid Use Disorder; OUD) in the most recent Diagnostic and
Statistical Manual of Mental Disorders (DSM-5; American Psychiatric Association, 2013; see Table 1) is
a chronically relapsing disorder defined by persisting opioid use despite significant negative
consequences (Strang et al., 2020). It is characterised by a loss of control over opioid use, a compulsion
to take opioids, and the onset of withdrawal when opioid use is stopped (Strang et al., 2020). Patients
with opioid addiction find themselves in a vicious cycle of opioid use, highly aversive opponent
processes once the opioid effect wears off (pronounced irritability, anhedonia, high pain sensitivity,
accompanied by somatic symptoms), craving (i.e. strong desire to use the drug again), and subsequent
opioid use (Koob & Volkow, 2016). In addition, opioid addiction is related to long-lasting changes in
hedonic processing, characterised by low mood, heightened stress sensitivity, and anxiety (Koob,
2020). Opioid addiction is considered a chronic disorder since intense craving and relapse can arise
even after prolonged abstinence when stress is high or upon encountering cues related to opioid use

(Fatseas et al., 2011) so that patients often relapse after years without opioid use.

Harmful consequences of opioid addiction substantially depend on the individual and the opioid in
question. Because of the development of tolerance, many patients either increase their opioid dose or
switch to a more potent (or more readily available) opioid, often heroin (Cicero et al., 2014). The use
of high-potency opioids like heroin increases the risk of a fatal overdose due to respiratory depression,

which is further potentiated by combined use of opioids with other sedatives (e.g. alcohol,
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benzodiazepines; White & Irvine, 1999). Another important factor regarding opioid-associated harm is
the route of administration, with intravenous injections (which some patients prefer due to rapid onset
of opioid effects and higher bioavailability) facilitating the contraction of blood-borne diseases through
needle-sharing, such as HIV or Hepatitis C (S.-C. Wang & Maher, 2019). Chronic opioid use also impacts
the healthy functioning of endocrine and immune systems, leading to hypogonadism, increased
chronic stress, and weaker immune responses in many patients (De Vries et al., 2020; Malafoglia et al.,
2022). Also, possession of opioid drugs is restricted or illegal in most parts of the world, prompting
criminal charges against patients with many serving prison sentences for possession of opioids or

criminality associated with financing opioid use (Winkelman et al., 2018).

Table 1. Diagnostic criteria of Opioid Use Disorder according to DSM-5. Diagnosis of opioid addiction (severe OUD) requires
the fulfilment of a minimum of 6 of the 11 criteria.

1. Taking the opioid in larger amounts and for longer than intended

2. Wanting to cut down or quit but not being able to do so

3. Spending a lot of time obtaining the opioid

4. Craving or a strong desire to use opioids

5. Repeatedly unable to carry out major obligations at work, school or home due to opioid use

6. Continued use despite persistent or recurring social or interpersonal problems caused or made worse by opioid use

7. Stopping or reducing important social, occupational or recreational activities due to opioid use

8. Recurrent use of opioids in physically hazardous situations

9. Consistent use of opioids despite acknowledgment of persistent or recurrent physical or psychological difficulties
from using opioids

10. Tolerance as defined by either a need for markedly increased amounts to achieve intoxication or desired effect or

markedly diminished effect with continued use of the same amount?

11.  withdrawal manifesting as either characteristic syndrome or the substance is used to avoid withdrawal

Treatment approaches for opioid addiction aim to break the cycle of addiction as well as alleviate
health detriments associated with use. This primarily entails the prescription of medications targeted
at suppressing withdrawal (opioid maintenance therapy; OMT), which are mainly longer-acting opioid
agonists such as methadone and buprenorphine as well as oral morphine and heroin in some countries
(Haasen et al., 2007; Strang et al., 2015; Volkow et al., 2019). Following opioid detoxification, OMT is
generally well tolerated, reduces illicit opioid use and mortality, restores immune function, and often
serves as an entry point into additional addiction treatment services (Gibson et al., 2008; Sacerdote et
al., 2008; Soyka et al., 2017). Nevertheless, a substantial number of patients in OMT still experiences
relapse (Hser et al.,, 2015). So-called harm reduction approaches include free needle exchange
programs, treatment of infections associated with intravenous use, and disposal of naloxone nasal

spray to reverse opioid overdoses (Wakeman, 2019). Psychosocial treatment approaches can be

% n contrast to previous versions, DSM-5 acknowledges that criteria 10 and 11 (tolerance and withdrawal) are not
considered to be met for patients taking opioids solely under medical supervision, reiterating that physical dependence
presents a non-pathological adaptation to chronic use (Ballantyne et al., 2019).
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adjunct to pharmacological therapy and aim to increase motivation for non-drug behaviours, reduce

craving and prevent stress-induced relapse (Dugosh et al., 2016).

It is crucial and bears repeating that, while continued opioid use is necessary for developing opioid
addiction, it is not sufficient. The fact that some individuals with chronic use transition into addiction
while others do not suggests an interplay between vulnerabilities and protective factors. In its
aetiology, opioid addiction is considered a multi-faceted biopsychosocial disorder, with several
cumulative and interacting risk factors, including young age at opioid use onset, male gender, low
socio-economic background and education level, presence of affective disorders, family history of
addiction and childhood abuse or neglect (Strang et al., 2020; Webster, 2017). It is unclear through
which neurobiological or psychological processes these risk factors exert their effects on the
development of opioid addiction. While some risk factors, such as adverse childhood experiences and
psychiatric symptoms, have been linked to altered aversion processing (e.g. Ruge et al., 2024) or
opioids effects on aversion processing (Carlyle et al., 2021), the link between aversion processing and

risk factors for opioid addiction has not been systematically investigated.

Neurobiology of opioid addiction

Generally, the neural mechanisms underlying drug addiction are broken down into three stages: the
binge/intoxication stage, where drugs are used and exert their effects; the withdrawal/negative affect
stage when drugs are not available; and the preoccupation/anticipation stage, characterised by
preoccupation with and a strong desire to use the drug (Koob & Volkow, 2016). From initial drug use
to addiction, the stages continually repeat and intensify with each iteration. They subsequently lead
to neuroadaptations (i.e. changes in brain structure and function), with each stage of the addiction
cycle associated with changes in different brain regions. Increased salience and motivational
properties of drug-related cues (such as the local pub, pills or syringes) during the binge/intoxication
phase has been linked to altered function of the brain’s reward system, including the ventral tegmental
area (VTA) and NAcc (Robinson & Berridge, 1993; Zilverstand et al., 2018). Loss of regulatory control
over drug use during this phase has been linked to the ventral-to-dorsal shift in striatal activity
indicative of habit formation (Everitt & Robbins, 2016). Neuroadaptations in the brain’s stress system
(sometimes called the anti-reward system) centring around the amygdala have been associated with
the long-lasting aversive emotional states (hyperkatifeia) and stress sensitivity of the
withdrawal/negative affect stage (Koob, 2013, 2020). During the preoccupation/anticipation stage, the
inability to maintain top-down control over drug use has been linked to a dysfunction of inhibitory

cortico-striatal loops between the striatum and prefrontal cortex (Goldstein & Volkow, 2011), while
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the intensity of craving is at least partly reliant on a network connecting the insula and the dorsal

striatum (Naqvi & Bechara, 2009).

The neuroadaptations postulated in this model are mostly based on pre-clinical studies and not specific
to opioid addiction; however, evidence for corresponding effects in patients with opioid addiction
exists. Meta-analyses of studies on opioid-addicted patients found decreased grey matter volume and
impaired white matter integrity in medial frontal brain regions (Wollman et al., 2015, 2017), in line
with impaired top-down control. Additionally, neuroimaging studies have identified smaller volumes
of limbic and striatal brain regions, such as the NAcc, putamen, and amygdala in opioid-addicted
patients in OMT compared to healthy controls (Ceceli, King, et al., 2023; Schmidt et al., 2021; Seifert
et al., 2015). These structural changes correspond to changes in neural function. Duration of opioid
use was correlated with stronger decreases in functional connectivity between the insula and the
putamen, whereas connectivity between NAcc and mOFC was increased (Upadhyay et al., 2010),
indicating a re-organisation of cortico-striatal pathways in opioid addiction. When processing drug-
related images, a mOFC, cingulate cortex, amygdala, and caudate nucleus among other regions were
hyper-activated in patients compared to healthy controls (Dejoie et al., 2024), while higher NAcc
reactivity to heroin-related pictures was fount predictive of higher risk of relapse in another study (Q.

Li et al., 2015).

Within the three-stage model of addiction, initial drug use is typically understood to be motivated by
rewarding drug effects brought on by phasic bursts of dopamine in VTA-NAcc networks (Koob &
Volkow, 2016). Over time, these effects diminish as tolerance develops and the so-called hedonic set-
point shifts (R. A. Wise & Koob, 2014), inducing opponent processes characterised by negative affective
states. As a consequence, the motivation for drug use is thought to switch from approaching reward
to avoiding aversion. Correspondingly, the underlying behavioural mechanism gradually transitions
from positive to negative reinforcement. However, since it is becoming increasingly clear that most
people use opioids to avoid negative affective states (Han et al., 2017), recent accounts acknowledge
that in the case of opioids specifically, initial use can already be driven by the motivation to avoid
chronic pain or self-medicate other types of emotional distress (Koob, 2020). In this case, individuals
enter the drug use cycle at the negative affect stage, where the anticipation of pain relief motivates
opioid use and positive reinforcement plays a subordinate role (supported by a smaller role of the
dopamine system in opioid addiction compared to other drugs of abuse; Badiani et al., 2011; Daglish
et al., 2008). Over time, avoidance of the initial aversive state is overtaken by the motivation to avoid
withdrawal. This characterises the development of opioid addiction as a progressively escalating
avoidance behaviour, which gradually transitions from goal-directed to compulsive, stimulus-driven

avoidance.
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The bidirectional relationship between aversion processing and opioid addiction

Many brain regions with altered structure and function in opioid-addicted patients have also been
implicated in aversion processing, such as the vmPFC/mOFC, insula, amygdala, and striatum. This is
not surprising given that aversion processing depends on opioidergic modulation and can acutely be
altered by opioids. Lower opioidergic tone, indicated by reduced p-receptor availability, has been
reported in patients in OMT (Kling et al., 2000; Zubieta, 2000) and altered aversion processing is well
documented in opioid addiction. For example, opioid-addicted patients in OMT show increased
sensitivity to pain (Trgstheim & Eikemo, 2024), increased emotional responses to aversive pictures
(Aguilar De Arcos et al., 2008; Gerra et al., 2003), and stronger responses towards social rejection and
exclusion (Bach et al., 2019; Kroll et al., 2019). In one study, patients in OMT showed significantly
higher amygdala responses to pictures of fearful faces, which were normalised to the degree of healthy
controls after injection of heroin (Schmidt et al., 2014). Opioid-addicted patients also showed impaired
fear conditioning in one study (Basden et al., 2016) and decreased neural responses to loss-avoidance

in the ventral striatum in another (Gradin et al., 2014).

The studies referenced above provide evidence that some aspects of aversion processing are altered
in patients with opioid addiction. Other key aspects of aversion processing related to regulatory control
over avoidance behaviour, namely habit formation and disproportionate PIT, are considered crucial to
the development of addiction. The habit theory of addiction posits that an imbalance between goal-
directed and habitual behaviour serves as a primary building block for compulsive drug use (Everitt &
Robbins, 2005, 2016). While initial drug use is goal-directed, continued use causes a shift toward
habitual drug use, where use occurs automatically in certain contexts. Evidence from rodent research
suggests that following extensive training, responding for drug administration becomes a habit and a
vulnerable subgroup of animals develops compulsive drug seeking (i.e. continued cue-elicited drug
seeking even when no more drugs could be obtained and drug-seeking behaviour itself was punished;
Everitt et al., 2008). According to this theory, an imbalance between habits and goal-directed
behaviour® combined with decreased top-down inhibitory control could lead to compulsive drug use.
While this has not been investigated in opioid addiction, an impaired balance between goal-directed
and habitual behaviour has been demonstrated in patients addicted to alcohol (Sjoerds et al., 2013)
and cocaine (Ersche et al., 2016). Note that these two studies found increased appetitive (i.e. reward-

based) habits; Ersche et al. (2016) additionally tested for avoidance habits in patients with cocaine

5 Whether this imbalance is caused by excessive habit formation, impaired goal-directed control or by defunct arbitration

between the two systems is still under debate (see Vandaele & Janak, 2018).
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addiction, who did not differ from controls in this regard. This points to a valence-specific dimension
of habit formation, where, given the role of avoidance on motivating opioid use, one could imagine a

pattern of excessive avoidance but not appetitive habits in opioid addiction (see also Robbins, 2019).

In addition to habitual responses to drug-related stimuli, drug-related PIT suggests that stimuli that
have acquired motivational value through Pavlovian conditioning (such as the smell of a cigarette or
the sight of a syringe) can influence instrumental behaviour, either because they promote the use of a
particular drug (specific PIT) or because of a general excitatory effect (general PIT). Magnitude of PIT
represents the motivational properties attributed to drug-related cues, i.e. their incentive salience (the
desire or “wanting” they elicit in contrast to their hedonic impact (“liking”); Berridge & Robinson, 2016;
Robinson & Berridge, 1993). This has been demonstrated in regular smokers (Hogarth et al., 2010) and
patients with alcohol addiction (Garbusow et al., 2016) . PIT may hold particularly important
implications for cue-induced craving and relapse following abstinence, as Pavlovian associations are
difficult to extinguish and can last a long time. Behavioural and neural PIT effects to alcohol-related
cues in detoxified patients with alcohol addiction were able to predict relapse after one year
(Sekutowicz et al., 2019; Sommer et al.,, 2020a). Whether a similar pattern would also emerge for

patients addicted to opioids remains unknown.

After reviewing the existing evidence, | propose a bidirectional relationship between opioid addiction
and aversion processing: Chronic opioid use alters processing of aversive stimuli and aversive learning
due to decreases in receptor availability, receptor desensitisation or neuroplastic changes. On the
other hand, maladaptive regulatory control over avoidance behaviour contributes to the development
and maintenance of opioid addiction. To test this relationship, it is necessary to systematically
characterise aversion processing following chronic opioid use with and without addiction. Identifying
which aspects of aversion processing are altered in patients with chronic opioid use regardless of
addiction and which are specific to opioid addiction will better our understanding of the relationship
between aversion processing, chronic opioid use, and opioid addiction. This will help to inform patients
and practitioners in their choice of medication and potentially establish novel markers to identify at-
risk individuals, direct prevention efforts, and possibly identify novel targets for treating opioid

addiction.
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2.3 - Objective & Hypotheses
In this thesis, | seek to systematically investigate aversion processing following chronic opioid use in

users with and without addiction. My objective is to shed light on the following two questions:

1. What characterises aversion processing following chronic opioid use?

2. What aspects of aversion processing are altered specifically in opioid addiction?

To answer the first question, | will compare aversion processing between patients with chronic opioid
use, regardless of whether they are addicted to opioids or not, and healthy, opioid-naive participants.
To answer the second question, | will compare aversion processing between opioid-addicted patients
in OMT and patients who use opioids to treat chronic pain but are not addicted to opioids. Specifically,
| will use behavioural, physiological, and neuroimaging measures to investigate the following aspects

of aversion processing:

- Recognition of aversive emotional expressions (Chapter 4)

- Pavlovian fear and safety learning (Chapter 5)

- Aversive instrumental learning (Chapter 6)

- Drug-related and non-drug-related Pavlovian-To-Instrumental Transfer (Chapter 7)

- Avoidance habits in contrast to appetitive habits (Chapter 8)

| expect aspects of aversion processing directly modulated by opioidergic tone to be altered following
chronic use, while | expects aspects related to regulatory control over avoidance behaviour to be
specifically altered in opioid addiction. Due to the direct role of the opioid system in the recognition of
aversive emotions, Pavlovian fear and safety learning, and instrumental avoidance learning, |
hypothesise that these processes are altered in all patients with chronic opioid use, regardless of
whether they are addicted to opioids or not, compared to healthy participants. | further hypothesise
that regulatory control over avoidance behaviour, demonstrated by a shift towards avoidance habits
and increased aversive PIT on avoidance behaviour, is impaired only in the opioid-addicted group, with

no differences between patients with chronic opioid use without addiction and healthy volunteers.
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Chapter 3 - General methods

In the following, | will describe the sample of participants, methods, and procedures of the COBB
(“Chronic effects of Opioid use on Brain and Behaviour”) study, the results of which constitute the
empirical basis for this thesis. More detailed descriptions of experimental tasks as well as additional

information on data processing and statistical procedures will be provided in the respective chapters.

3.1 - Participants

In total, 86 participants were included into the final study sample, of whom 48 (56%) has current and
chronic opioid use. This group consisted of 23 opioid-addicted patients in OMT (27%) and 25 non-
addicted patients with opioid use for the treatment of chronic pain (29%). Additionally, 38 (44%)
healthy participants without any lifetime opioid use served as a control group. One participant from
the opioid-addicted group was tested but excluded from final analyses due to a childhood diagnosis of
attention deficit hyperactivity disorder and one patient from the group of non-addicted patients was
excluded due to regular use of neuroleptic medication. See Table 2 for demographic characteristics of

the study sample.

Table 2. Demographic characteristics of the study sample

Control Group Patient Groups Group Comparison Planned Contrast
Non-addicted Addicted ANOVA/x? - test Control # Non-addicted
Mean (+SD) Mean (£SD) Mean (£SD) Test statistics Patients # Addicted
Demographics F/x? df p p p
Sample
38 25 23
(n)
Age
41.3(11.1) 46.6 (10.0) 44.3 (10.8) 1.9 2,83 149 .075 459
(years)
Gender
55% 76% 30% 10.0 2 .007 919 .002
(% female)
Handedness 87% 92% 87% 1.2 4 883
(% right-handed) ’ ? 5 ‘ ‘
Native speaker
P 92% 96% 96% 0.5 2 .763 - -

(% German)

Marital status

(% single/married/ 66/26/8% 48/28/24% 57/24/16% 5.1 6 .525 - -
divorced-widowed)

Body Mass Index

24.1(2.7) 29.0(7.0) 25.7 (4.6) 7.6 2,83 <.001 .003 .021
(self-reported)
Formal education 15.3 (2.3) 12.0(3.2) 10.1(2.0) 348 2,83 <001 <001 008
(years)
Comp. education

100% 96% 65% 20.1 2 <.001 .005 .006

(% completed)
Employment status 95% 56% 65% 28.4 2 <001 <001 514
(% employed)
Lifetime employment 10.2 (10.9) 17.0 (11.2) 8.9 (8.0) 45 2,83 015 223 .009
(years)
Plsposable personal 1018.4 773.2 397.4 74 283 001 114 <001
income (€ per month) (1006.8) (610.5) (586.4)
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All non-addicted patients reported a diagnosis of chronic pain as reason for opioid use. More
specifically, patients from this group reported diagnoses of chronic back pain (44%), joint pain (24%),
fibro-myalgia (24%), rheumatoid arthritis (8%), neuropathic pain (8%), or other pain syndromes (8%),
with multiple selection possible. In addition, opioid-addicted and non-addicted patients self-reported
the following psychiatric diagnoses: major depression disorder (43%/64%), anxiety disorders
(13%/8%), alcohol use disorder (30%/0%), benzodiazepine use disorder (4%/0%), post-traumatic stress
disorder (4%/0%), borderline personality disorder (8%/0%), and anorexia nervosa (0%/4%). Opioid-
addicted patients used levomethadone (43%), buprenorphine (28%), methadone (12%), oral morphine
(12%), or intravenous diamorphine (8%), with some patients using more than one opioid drug, for
OMT. Non-addicted patients used tapentadol (48%), tilidine (24%), oxycodone (16%), hydromorphone
(8%), and tramadol (4%) for the treatment of chronic pain. Additionally, opioid-addicted and non-
addicted patients self-reported use of other (potentially) psychoactive medications: non-opioidergic
pain medication (22%/68%), antidepressants (13%/60%), y-aminobutyric acid (GABA)
agonists/analogues (9%/44%), benzodiazepines/z-drugs (0%/16%), neuroleptics (13%/0%),
promethazine (4%/8%), triptanes (4%/8%), and anti-epileptic medication (0%/4%). See Table 3 for

clinical, opioid use, and other drug-use related sample characteristics.

Table 3. Clinical, opioid use, and other drug-use related sample characteristics

Control Group Patient Groups Group Comparison Planned Contrast
Non-addicted Addicted ANOVA/x? - test Control #  Non-addicted
Mean (+SD) Mean (£SD) Mean (£SD) Test statistics Patients # Addicted
Clinical characteristics F/x? df p p p
Acute pain 0.4 (0.8) 4.4(2.5) 13(2.1) 397 2,83 <001 <001 <.001
(range: 1-10)
Past-week chronic pain
. . . . . . 49.6 2,83 <.001 <.001 <.001
(range: 1 - 10) 1.7 (1.6) 6.9 (1.8) 3.6 (2.9)
Depressive symptoms 3.6 (3.4) 13.4 (9.5) 9.4(8.2) 153 2,83 <001 <001 032
(BDI-II total score)
Anxiety
6.5 (2.0 7.0(2.1 6.9 (1.7 2.1 2,83 571 .307 .817
(STAI-SF-S score) (2.0 (2.1) (@7
Perceived stress
11.9 (5.9 17.4(7.1 17.2 (5.8 7.9 2,83 <.001 <.001 .901
(PSS-10 total score) (59) 7.1) (>8)
Opioid use characteristics F/x? df p p p
Daily opioid dose*
i ) 65.1(51.8)  241.4(353.2) 2.5 46 017
(morphine mg equivalent)
Age of first opioid
g€ of Tirst oploid use 39.4(9.1) 20.7 (7.7) 7.7 46 <001
(years)
Duration of opioid use 7.2(5.5) 236(125) 60 46 <001
(years)
Prescription opioid misuse
0.2 (0.7
(POMI total score) ©7)
Current/lifetime heroin 0% 13/87%
use (%)
Current/lifetime 0% 0/57%

intravenous opioid use (%)
Number of opioid
detoxifications

1.5(0.8)2 4.8 (4.7)"2
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Number of opioid

R - 2.7 (2.3)"°
overdoses
Duration of OMT _ - 14.0 (9.4)
(years)

Duration of heroin

abstinence (years)

Obsessive-compulsive

heroin use - - 6.1(9.3)
(OCDUS total score)

Drug use characteristics F/x? df p p p

- - 10.3 (9.6)™2°

Smoking status

5.3% 32.0% 87.0% 47.5 4 <.001 <.001 <.001
(% tobacco smoker)
Age of first cigarette
17.2 (4.1  165(1.9)01  13.6(5.7"2 3.1 2,45  .054 <.001 .054
(years)
Severity of tobacco use 1.0 (1.4)2 2.6 (1.9)" 3.9 (2.4)2 15 2,24 234 <.001 790
(FTND total score) T T o ’ ! ’ ’ ’
Age of first time drunk - - -
17.5(2.5)™3  17.2 (2.5  16.5(7.4)"3 0.3 2,73 715 <.001 591
(years)
Past 12 month alcohol use
(%) 89.5% 44.0% 65.2% 29.2 8 <.001 <.001 .210
0
Severity of alcohol use 2.9(1.7)™%  2.3(L9)™1  85(8.3)"1 96 2,57 <001 <.001 <.001
(AUDIT total score) T T T ’ ! ’ ’ '
Age of first cannabis use - - -
19.6 (5.0)=1  22.1(9.6)™'  14.5(2.4)2 51 2,43  .010 <.001 .005
(years)
Past 6 month cannabis use
(%) 7.9% 4.0% 65.2% 43.6 8 <.001 .016 <.001
0
Severity of cannabis use 27 (0.6 gt 10.0 (3.9)5 10.1 116 006
(CUDIT-R total score) U T ’ ! ’
(L;‘;t'me stimulant use 2.6% 8.0% 95.7% 67.7 2 <001 <001 <.001
0
Lifetime benzodiazepine 2.6% 28.0% 91.3% 50.9 2 <001 <001 <.001
use (%)
(L;?t'me ketamine use 0% 0% 30.4% 20.9 2 <001  .014 <001
0
(L;?t'me psychedelic use 0% 8.0% 69.6% 455 2 <001 <001 <001
0
Additional risk factors
Family history of alcohol 34.2% 64.0% 73.9% 10.6 2 .005 .001 459
abuse (%)
Family history of illicit drug 13.2% 24.0% 47.8% 9.1 2 011 019 085
abuse (%)
Childhood abuse
15.4 (3.1 21.4(10.8 19.5(7.9 5.5 2,83 .006 .002 .360
(CTQ abuse subscore) (3-1) ( ) (7:9)

* morphine milligram equivalent dose calculated according to Nielsen et al. (2016); Abbreviations in alphabetical order: AUDIT: Alcohol Use
Disorder Identification Test (Saunders et al., 1993); BDI-Il: Beck Depression Inventory Il (Beck et al., 1996); CTQ: Childhood Trauma
Questionnaire (Bernstein et al., 2011); CUDIT-R: Cannabis Use Disorder Identification Test Revised (Adamson et al., 2010); FTND: Fagerstrom
Test for Nicotine Dependence (Heatherton et al., 1991); OCDUS: Obsessive-Compulsive Drug Use Scale (Franken et al., 2002); OMT: opioid
maintenance treatment; POMI: Prescription Opioid Misuse Inventory (Knisely et al., 2008); PSS-10: Perceived Stress Scale (S. Cohen et al.,
1983);STAI-SF-S: Spielberger State Trait Anxiety Inventory — Short Form - State (Marteau & Bekker, 1992).

Inclusion and exclusion criteria

Individuals between 20 and 60 years of age and of all genders were eligible to participate in the study.
The following exclusion criteria applied for all three groups: insufficient German proficiency to provide
informed consent and ensure task comprehension; history of neurological or neuro-developmental

disorder, including severe head trauma; severe impairments of eyesight, hearing or motor
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performance; non-zero breath alcohol level or positive urine screen for stimulant drugs on the day of

testing.

Healthy participants additionally were excluded if they had any personal or family history of chronic
pain; personal or family history of drug addiction; any history of regular stimulant drug use (for medical
or non-medical purposes); current or past harmful alcohol or cannabis use, defined as a score < 8 on
the Alcohol Use Disorder Identification Test (AUDIT; Saunders et al., 1993) and a score < 6 on the
revised version of the Cannabis Use Disorder Identification Test (CUDIT-R; Adamson et al., 2010);
significant subclinical levels of depression or anxiety, defined as a score above cut-off levels for
moderate severity (> 14 on the depression subscale, > 10 on the anxiety subscale) on the Depression-
Anxiety-Stress Scale (DASS-21; Lovibond & Lovibond, 1995); positive urine screen for opioids or

benzodiazepines on the day of testing.

Opioid-addicted patients had to currently be enrolled in an OMT program. In addition, patients were
excluded if they had any current co-morbid non-opioid addiction; long-time regular use of stimulant
drugs (e.g. cocaine, crack, amphetamine, methamphetamine, prescription stimulants); past year
stimulant use; negative urine screen for their respective opioid medication on the day of testing;
pronounced symptoms of opioid withdrawal at the time of testing, defined as a score > 3 on the Short

Opiate Withdrawal Scale (SOWS; Gossop, 1990).

Non-addicted patients had to currently use opioid medication for the treatment of non-cancer pain for
at least three months, denoting chronic use (Chou, 2015), and must not meet criteria for opioid misuse
(defined as a score < 2 on the Prescription Opioid Misuse Scale (POMI; Knisely et al., 2008) Additionally,
patients were excluded if they had any history of drug addiction; any history of regular stimulant drug
use (for medical or non-medical purposes); current or past harmful alcohol or cannabis use; negative
urine screen for their respective opioid medication on the day of testing; pronounced symptoms of

opioid withdrawal at the time of testing (SOWS > 3).

Recruitment strategy

Different recruitment strategies were applied depending on the study group: Opioid-addicted patients
were recruited through posters and leaflets distributed to addiction treatment facilities in and around
Hamburg, as well as personal referral by their attending physicians, nurses or social workers and word-
of-mouth. Non-addicted patients were also recruited through posters and leaflets disseminated to
specialised pain treatment practices, hospital units, rehabilitation services and self-help groups, or by
physicians’ referral. We advertised study participation to healthy participants using an online platform

(Stellenwerk, www.stellenwerk.de) for research volunteers, leaflets distributed in public and
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residential areas as well as word-of-mouth. Interested candidates for this group enlisted on an online
survey platform (LimeSurvey Community Edition Version 5.5.0, www.limesurvey.org), where they
entered demographic information and also filled out the DASS-21 to screen for sub-clinical levels of
depressive symptoms and anxiety, as well as the AUDIT and CUDIT-R to screen for current harmful

alcohol or cannabis use. See Figure 1 for a flow chart depicting the recruitment and screening process.

Screening procedure

Prior to inclusion into the study, we conducted telephone screenings with all candidates to evaluate
their eligibility to participate. These screenings queried demographic information, (comorbid)
psychiatric diagnoses and medical history, current/past medication and drug use as well as MRI
eligibility. Candidates for the two patient groups (who did not enlist online in order to remove as many
barriers to study participation as possible) completed AUDIT and CUDIT-R during this phone screening.
Candidates for the non-addicted patients also completed the POMI to assess lifetime misuse of opioid
medication. Additionally, current smokers completed the Fagerstrom Test for Nicotine Dependence

(FTND; Heatherton et al., 1991).

Control group Non-addicted group Opioid-addicted group

completed online survey
n=319

contacted by study team
n=_84

contacted by study team
n=>50

contacted by study team
n=138

completed screening
n=62

completed screening
n =40

completed screening
n=69

l

invited for study visit
n=38

invited for study visit
n=28

invited for study visit
n=28

!

presented at study site

presented at study site

presented at study site

n=38 n=27 n=26
final sample final sample final sample
n=238 n=25 n=23

Figure 1. Recruitment flow chart for all three groups of participants.

3.2 - Study procedure

The study was conducted in adherence to the ethical principles for medical research in human
participants outlined in the Declaration of Helsinki. Data collection was carried out between December
2021 and September 2024 at the University Medical Centre Hamburg-Eppendorf’'s Department of

Systems Neuroscience in Hamburg, Germany. Following successful screening, study participants
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selected their preferred appointment for the study visits. Whereas a minority of participants (7%; 5
non-addicted patients, 1 opioid-addicted patient) completed the study in one session due to long travel
time, most completed the study in two parts. Every participant received comprehensive written
information prior to the study visit and patients were instructed to take their opioid medication as they

usually would when participating in the study.

After arriving for their (first) study visit, participants were verbally informed about the study contents
and objectives as well as confidentiality/data protection policies by the experimenter and provided
written informed consent. Participants were then tested for study-day exclusion criteria by measuring
breath alcohol level using a hand-held breathalyser (ACE DA-5000; ACE, Freilassing, Germany) and
performing urine drug screens for the following substances: morphine/opiates, methadone,
buprenorphine, cocaine, amphetamine, and benzodiazepines (Drug Test; nal von minden, Moers,
Germany). If non-addicted patients reported use of an opioid that is not a morphine derivate — and
would therefore not be detected by the morphine/opioid screen test — that medication was
additionally tested for. In total, three participants were excluded on the day of testing: one patient
from the opioid-addicted group had a breath alcohol level > 0; one patient from the opioid-addicted
group had a positive urine screen for cocaine; one patient from the non-addicted group had
discontinued her prescribed opioid about one week prior to testing. Participants from the patient
groups then provided time and dosage of last opioid intake and completed the SOWS in an interview
format to screen for opioid withdrawal symptoms. After confirming inclusion eligibility, participants
performed a fixed order of behavioural tasks (see Table 4) and questionnaires presented on two
laptops with touchscreen-capable screens (DELL Inspiron 7506 2n1), wearing connected headphones
if required by the task. This concluded the first study visit (approximate duration: 3.5 hours), and
participants received the first portion of their reimbursement. In what was the second study visit for
most (although some completed this part immediately after the interviews), participants were
instructed about the MRI procedure and declared suitable for MRI by a specialised physician. Inside
the scanner room, a respiratory belt and finger pulse oximeter were applied to record physiological
data during the MRI session. Two MRI compatible Ag/AgCl electrodes recorded electro-dermal activity
from the left palm (see below). To exert electrical stimulation required for the two tasks carried out in
the MRI setting, a Wasp stimulation electrode wrist (Digitimer Ltd., Letchworth Garden City, UK) was
applied on the inside of each wrist (cable grounded through a radio frequency filter panel). For all
participants, shocks were applied for 200 ms at a maximum voltage of 400 V, while the amperage was
individually determined prior to the start of the task using a shock work up procedure. During this, an
initially very low electrical pulse (0.1 mA) was repeatedly delivered and continuously increased in steps
of 0.5 mA until the participant experienced the shock intensity as very unpleasant but not yet painful.

MRI recording commenced with closed-eyes resting state MRI before initiating the first behavioural
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task (outcome devaluation task; see Chapter 8). Completion of the task was followed by the anatomical
MRI scan, and a second task (threat reversal task; see Chapter 5; see below for specific scanning
parameters). Altogether, participants remained inside the scanner for approximately 90 minutes.
Participants received the remainder of their monetary reimbursement. In total, healthy participants
received €50 and - due to longer time of testing - patients received €70 €, plus travel expenses.
Afterwards, participants were thanked for their participation and saw to their way of transportation if

necessary.

3.3 - Behavioural tasks
For an overview over the behavioural tasks used in this thesis to investigate different aspects of
aversion processing see Table 4. Detailed task descriptions and information on data collection,

processing, and analysis can be found in the respective chapters. Two additional tasks (Stop Signal Task

and the Monetary Choice Questionnaire) are not included in this thesis.

Table 4. Overview over behavioural tasks with corresponding outcome measures

Construct Task Name Behavioural outcome measures Additional outcome measures  Chapt.
Point of emotional intensity required
Facial Emotion Emotional intensity to recognise expressions of five basic ) 4
Recognition morphing task* emotions (anger, disgust, fear,
happiness, sadness) in other’s faces.
fMRI BOLD and skin
conductance responses to CS+
Fear Reversal . )
. Threat Reversal Task No behavioural measures and CS- before and after 5
Learning
reversal of threat and safety
cues.
Instrumental avoidance Accuracy and latency of avoidance
Instrumental . . . R .
. learning task using aversively  behaviour Skin conductance responses to
Avoidance . o= o 6
. conditioned stimuli conditioned cues.
Learning
Pavlovian-To- PIT paradigm with Effects of conditioned cues on Differences between neutrally
Instrumental drug-related or neutral accuracy and latency of instrumental and drug-related conditioned 7
Transfer conditioned stimuli behaviour (PIT effect). cues (context effect).
Overtraining of instrumental . fMRI BOLD and skin
R Accuracy and latency of avoidance
avoidance responses and ) ) ) conductance responses to
. responses during learning and in "
habits tested by outcome extinction conditioned cues before and
devaluation task*** ) after outcome devaluation.
Response rates under different
Habit Appetitive contingency instrumental contingencies (non- 3
Learning degradation task**** degraded, partially degraded, fully
degraded).
Response rates under different
Avoidance contingency instrumental contingencies (non- .
degradation task degraded, partially degraded, fully
degraded).
Behavioural Stop-Signal-Reaction-Time, measuring
; 0 ’ R -
inhibition Stop Signal Task response-inhibition latency.
Discounting rate describing choice
Choice Monetary Choice behaviour when choosing between
impulsivity Questionnaire®® small-immediate and large-delayed

rewards.

* see Bland et al. (2016); ** see Apergis-Schoute et al. (2017); *** see Gillan et al. (2015); **** see Ersche et al. (2021);

% task data not included in this thesis, see Verbruggen et al. (2019); ®° task data not included in this thesis; see Kirby et al. (1999)
BOLD: blood oxygen level dependent
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3.4 - Physiological recordings and pre-processing

Electro-dermal activity (EDA) can be used for quantifying physiological arousal. Increases in arousal
lead to sudomotor responses (i.e. sympathetic innervation of the sweat glands) that change the
conductance of electrical activity on the skin (Critchley, 2002). The EDA signal represents the recording
of skin conductance, which consist of two components: the tonic (i.e. slowly changing) skin
conductance level (SCL) and the phasic (rapidly changing) skin conductance responses (SCR). SCR is of
interest in cognitive and clinical neuroscience because it provides an index for the physiological

responses to presented stimuli.

In this study, participants’ EDA was acquired both within and outside the MRI setting using two
Ag/AgCL electrodes placed on the participants’ non-dominant palm (over the hypothenar muscle). For
the task performed outside the MRI environment (aversive learning task, see Chapter 6), the EDA
signal was amplified and converted to digital using a BIOPAC MP100 acquisition system (1000 Hz
sampling rate) and recorded using AcgKnowledge 3.9.1 (both BIOPAC Systems Inc., Goleta, CA, USA).
Prior to the start of the task, 90 seconds of resting-state activity was recorded in order to reliably
determine baseline skin conductance and to avoid artefacts in early-trial recordings. For the tasks
performed in the MRI environment (outcome devaluation task and threat reversal task, see Chapters
5 and 8, resp.), the transduction cable connecting the electrodes to the recording device was grounded
through a radio frequency filter panel; the analogue signal (again sampled at 1000 Hz) was then
amplified (BIOPAC MP150; BIOPAC Systems Inc., Goleta, CA, USA) and converted into digital using a
CED Micro1401-3 data acquisition unit (Cambridge Electronic Design Ltd., Cambridge, UK).
Accompanying Spike2 software (version 6.17) was used for data acquisition. Baseline skin conductance

was recorded during the preceding MRI sequences.

Pre-processing of EDA data and computation of SCR was carried out using the Ledalab toolbox (version
3.4.9; Benedek & Kaernbach, 2010) implemented in MATLAB (version R2020b; The MathWorks Inc.,
Natick, MA, USA). In a first step, EDA data were down-sampled to 100 Hz and trimmed to the task
duration. Then, all EDA recordings were visually inspected. Participants with bad signal-to-noise ratio
where no change in EDA in response to the presentation of the US (aversive images/sounds and
electrical stimulation, respectively) was apparent were excluded from the analysis. To determine SCL,
reflective of tonic changes in EDA signal, EDA time courses of included participants were subject to a
first-order low-pass Butterworth filter (cut-off at 5 Hz). Ledalab uses a mathematical approach called
Continuous Decomposition Analysis to parse out tonic (SCL) and phasic (SCR) changes in EDA (Benedek
& Kaernbach, 2010). SCL is subtracted from the EDA signal, which is then temporally smoothed using
a Gaussian kernel (mean: 0 ms + 200). Finally, SCR to different stimuli were calculated as the signed

event-related signal change in pre-defined response windows following stimulus onset (see Chapters

33



5 and 8) according to conventional peak-detection windows for fear conditioning tasks (Kuhn et al.,
2022). Minimum SCR amplitude was set to 0.01 uS. SCR for each participant and each trial were then
extracted for further analysis (“ERA.CDA.SCR” value), z-transformed for each participant separately to
compare responses to different stimuli regardless of inter-individual differences, and log-transformed

to normalise the data (log(zscr+1)).

3.5 - MRI acquisition and pre-processing

Magnetic resonance imaging (MRI) is a non-invasive method to create detailed images of internal
structures such as the brain (Glover, 2011). In functional MRI (fMRI), neural activity can be temporally
and regionally estimated by leveraging changes in brain oxygen metabolism in response to external
event (blood-oxygen level dependent imaging; BOLD; Logothetis, 2003). In the present study,
functional and anatomical imaging was performed on a PRISMA 3T MRI scanner (Siemens, Erlangen,
Germany), using a 64-channel head coil. An anatomical image was obtained for analysis of structural
differences between the groups (not included in this thesis) as well as for co-registration and
subsequent normalisation of functional data. Using a magnetisation prepared rapid gradient echo
(MPRAGE) sequence, a T1-weighted image was acquired with 176 slices recorded, a field-of-view (FoV)
of 240 mm x 256 mm x 176 mm, a voxel-size of 1.0 x 1.0 x 1.0 mm, a recording time (TR) of 2300 ms,
and an echo time (TE) of 2.98 ms. A second anatomical image as acquired using a fluid-attenuated
inversion recovery sequence with 27 slices recorded, FoV of 224 mm x 182 mm x 134 mm, voxel-size
of 0.7 x 0.7 x 4.0 mm, TR of 7840 ms, and TE of 96 ms (not included in this thesis). A total of four runs
of functional images were recorded: one run of resting-state data (not included in this thesis), and
three runs for the two behavioural tasks. For the first task (avoidance habit learning task, see Chapter
8), two runs were recorded, one for the four training blocks and a one for the test block. Both runs
used identical scanning parameter: 1270/296 volumes (training/test) of T2*-weighted images were
recorded using a multi-slice echo-planar imaging (EPI) sequences, each volume consisting of 48 slices,
FoV of 224 mm x 224 mm x 145 mm, a flip angle of 66°, voxel-size of 2.0 x 2.0 x 2.0 mm, TR of 1420 ms,
TE of 25 ms, multiband factor of 2, and in-plane acceleration factor of 2. For the second task (fear
reversal paradigm, see Chapter 5), 785 volumes of T2*-weighted images were recorded using a multi-
slice EPI sequences, each volume consisting of 58 slices, FoV of 224 mm x 224 mm x 145 mm, a flip
angle of 70°, voxel-size of 2.0 x 2.0 x 2.0 mm, TR of 1710 ms, TE of 25 ms, multiband factor of 2, and
in-plane acceleration factor of 2. For the resting-state data, 240 volumes of T2*-weighted images were
recorded using a multi-slice EPI sequence, each volume consisting of 64 slices, FoV of 224 mm x 224
mm x 145 mm, a flip angle of 74°, voxel-size of 2.0 x 2.0 x 2.0 mm, TR of 1880 ms, TE of 25 ms, multiband

factor of 2, and in-plane acceleration factor of 2. To correct for possible field inhomogeneity, a 3D-

34



gradient echo field map was acquired, with 48 slices, FoV of 224 mm x 224 mm x 145 mm, voxel-size

of 3.0 x 3.0 x 3.0 mm, TR of 483 ms, and TE; of 4.62 ms and TE;, of 7.08 ms.

Pre-processing of the task-related fMRI data was carried out using SPM 12 (version 12; Wellcome
Department of Cognitive Neurology, London, UK) implemented in MATLAB (version R2020b; The
MathWorks Inc., Natick, MA, USA). All images were imported, converted to NIFTI format, and
organised as 4D-files according to the Brain Imaging Data Structure (BIDS; Gorgolewski et al., 2016).
EPl volumes were then temporally corrected using SPM’s slice-time correction, realigned to the mean
EPI using a two-pass procedure, segmented into grey matter, white matter, and cerebro-spinal fluid
(CSF), and registered to the anatomical T1-weighted image using a nonlinear co-registration approach
implemented in the CAT12 toolbox for SPM (Gaser et al., 2024). Mean EPl and T1-weighted image were
then skull-stripped to only contain grey matter, white matter, and CSF voxels and subsequently warped
into a common space using DARTEL-based transformation fields (Ashburner, 2007) and templates
including in CAT12. Successful normalisation of the mean EPI into template space was visually
inspected and verified for all participants. First- and second-level analysis of fMRI data was task-specific

and is described in the corresponding task chapters.

Associations of task measures and opioid use characteristics

To further explore the relationship between aversion processing and opioid use, a subset of variables
related to patients’ opioid use were correlated with the primary task outcome measures: daily
morphine milligram equivalent dose, age of first opioid use, duration of opioid use, and, for opioid-

addicted patients only, severity of obsessive-compulsive drug use (OCDUS total score).

Calculation of the required sample size

Required sample size was optimised for a detecting behavioural group difference in one of the two
fMRI tasks included in this thesis. A previous study that tested differences between patients and
healthy participants in the same task served as reference (Gillan et al., 2015). The observed group
difference of the primary outcome measure in that study was 15.2 (+ 23.7). Given a = .05 and B = .80,
minimum sample was estimated to be n = 39. Therefore, 40 participants per group were targeted.
However, due to time constraints and difficulties in patient recruitment, it was decided to stop ahead

of reaching that goal.
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3.6 - Statistical analyses

Data were prepared using MATLAB (version R2020b; The MathWorks Inc., Natick, MA, USA) and
analysed using SPSS (version 29.0.2; IBM Corp., Armonk, NY, USA). Continuous demographic, clinical
and drug-use-related variables were compared between the groups using one-way ANOVA, with
planned contrast for group comparisons testing either opioid-using patients against healthy
participants (Contrast 1: 1 -.5 -.5) or testing the two patient groups against each other (Contrast 2: 0 1
-1). In case of unequal variances between the groups (indicated by a significant result in Levene’s test),
results were reported following Brown-Forsythe correction, which accounts for group differences in
variance. On variables where only the two patient groups were compared, | used independent samples
t-tests. Group differences in nominal variables were analysed using y-tests, with post-hoc group
comparisons between healthy participants and patients or between opioid-addicted and non-addicted
patients reported as Bonferroni-corrected z-tests. Depending on the specific hypothesis, task-related
data was tested for either 1) group differences between healthy participants and patients, for which
opioid-addicted and non-addicted patients were collapsed or 2) group differences between opioid-
using patients with addiction and opioid-using patients without addiction. For this, groups were
compared using one-way ANOVA (see above) or repeated measures ANOVA. If suitable, covariates
were added. If, in the latter case, the assumption of sphericity was violated, degrees of freedom and
p-values were reported following Greenhouse-Geisser correction, accounting for uneven variance on
different factor levels. Depending on the hypothesis, planned contrasts were applied on either main
or interaction effects of interest. For post-hoc comparisons, the Tukey test was used on one-way
ANOVA and Bonferroni-Holm correction was applied when repeated measures ANOVA were used.
Cohen’s d and partial n? were used to indicate effect sizes, with d = |0.20|/n? = .01 indicating a small
effect size, d = |0.50|/n? = .06 indicating medium effect size and d = |0.80|/n? = .14 indicating a large
effect size (J. Cohen, 2013; J. Miles & Shevlin, 2014). Relationships between task outcome measures
and opioid use characteristics as well as known risk factors for developing opioid addiction were tested
using Pearson’s correlation for both patient groups independently, with r = |.30]| indicating a small
correlation, r = |.50]| indicating a medium correlation, and r = |.70] indicating a large correlation. For
variables with extremely skewed distributions, such as physiological or neuroimaging outcome
measures, Spearman correlation was used, which is rank-based and therefore less affected by extreme
values. Spearman’s p can be interpreted similarly to Pearson’s r. All statistical tests were two-tailed

with a = .05.
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Chapter 4 - Recognition of aversive emotional expressions

4.1 - Introduction

Successful social interaction requires the ability to identify the current emotional state of another
person and adapt the own behaviour accordingly, e.g. by taking a step back when recognising anger in
another person or changing to a more soothing tone of voice when recognising fear. Facial expressions
are among the most informative sources for inferring other’s emotions (Barrett et al., 2019) and
deficits in recognising emotions from faces, especially aversive emotions like anger and fear, have been
linked to reduced empathy (Besel & Yuille, 2010), impairments in perspective-taking (Trubanova et al.,
2015), and psychopathic personality traits (Dawel et al., 2012). As such, recognition of aversive
emotions from facial expressions can be considered a fundamental building block for social intelligence

and the formation of functional interpersonal relationships.

Forming and maintaining social relationships is particularly crucial for patients with opioid addiction.
Social support and integration into social networks are associated with higher probability of abstinence
and improved outcomes of addiction treatment (Cavaiola et al., 2015; Kumar et al., 2021); social
isolation on the other hand has been linked to both the development and exacerbation of opioid
addiction (N. C. Christie, 2021). Impairments in social cognition (McDonald et al., 2013) and empathic
concern (Tomei et al., 2017) in opioid addiction can put a strain on relationships and could therefore
potentially contribute to the maintenance of addiction, hindering social support and fostering

isolation.

It has been proposed that an impaired ability for emotion recognition could underlie social difficulties
in opioid addiction. An early study found that patients with opioid addiction (either in OMT or recently
detoxified) displayed lower emotion recognition accuracy compared to healthy controls when asked
to select the emotion expressed in photographs of faces (Kornreich et al., 2003). Results indicated a
general rather than emotion-specific deficit, with impaired recognition across all emotions. A
conceptual replication did not find reduced accuracy in opioid-addicted patients but patients in OMT
were slower to identify emotions compared to controls and abstinent patients (Martin et al., 2006).
More recent studies with similar methodology reported reduced recognition accuracy and recognition
speed in opioid addicted patients in OMT, again without differences between emotions (Craparo et al.,
2016; Terrett et al., 2020). Craparo et al. (2016) additionally found a relationship between facial
emotion recognition and self-reported alexithymia, i.e. the ability to identify, describe, and distinguish
between feelings (Sifneos, 1973), which has been repeatedly linked to drug addiction (Honkalampi et
al., 2022), and has been proposed as a risk factor for developing opioid addiction (Henschel et al., 2022;

Oyefeso et al., 2008). Applying an adapted task design, one study showed opioid-addicted patients
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video clips of actors portraying different emotions and asked them to identify the emotion in question
(McDonald et al., 2013). Similar to the other studies, emotion recognition was reduced across
emotions in patients in OMT; patients who were abstinent for at least three months, however, did not
differ from control participants. Further, the study found that emotion recognition was mediated by
overall cognitive function, which the authors suggested to be acutely impaired by the methadone used
for OMT. This does not, however, account for earlier findings of reduced emotion recognition in
recently detoxified patients and instead implies recognition deficits as a consequence of chronic opioid

use that recover following prolonged abstinence.

Chronic opioid use is known to lead to structural and functional adaptations of opioid receptors (M. J.
Christie, 2008), altering neuro-cognitive mechanisms reliant on opioidergic modulation in the process
(Al-Hasani & Bruchas, 2011). Evidence from experimental studies in healthy volunteers implicates the
opioid system in recognising aversive emotions from facial expressions: When opioidergic activity was
reduced by naltrexone-induced receptor blockage, participants required higher intensities of
emotional expressions to identify fearful and sad faces (Wardle et al., 2016). Interestingly, stimulating
the opioid system using opioid agonists also reduced the ability to recognise aversive emotions:
sensitivity for angry facial expressions was attenuated following morphine (Lgseth et al., 2018) and
identification of fearful expressions was impaired following buprenorphine (lpser et al., 2013). This
goes to show that a balanced functioning of the opioid system is critical for efficient emotion
recognition. Mechanistically, manipulating opioidergic tone has been demonstrated to alter
spontaneous gaze patterns towards the eye and nose/mouth/jaw regions (Chelnokova et al., 2016),
with either too much or too little exploration of these regions potentially explaining inefficient emotion

recognition.

Taken together, these findings suggest that altered function of the opioid system following chronic use
could explain the findings of impaired emotion recognition in opioid-addicted patients. However, the
aforementioned study designs do not ultimately allow for an interpretation about the directionality of
this effect. While it is likely that neural adaptations related to chronic opioid use lead to impaired
emotion recognition, it could also possible that impaired emotion recognition predates the onset of
addiction. Testing both addicted and non-addicted patients with chronic opioid use could help
differentiate the two alternatives: Similar impairments in patients irrespective of addiction would
indicate emotion recognition deficits related to chronic use, while a diverging pattern between the two
groups would point to an addiction-specific effect, which might potentially serve as a risk factor for

developing opioid addiction.

38



Aims & Hypotheses

In this chapter, | aim to clarify the relationship between chronic opioid use and emotion recognition
by comparing addicted and non-addicted patients with chronic opioid use to healthy participants. |
hypothesise that the recognition of emotions from facial expressions is impaired in both patient
groups, indicated by a higher intensity of emotional expression required for recognition. | further
hypothesise that the two patient groups will not differ from each other in terms of emotion

recognition.

4.2 - Methods

Sample

All 86 participants included in the study completed the facial emotion recognition task and were

subsequently part of the analyses reported in this chapter.

Task description

The Emotional Intensity Morphing Task (EIMT), included in the emotion processing subsection of the
EMOTICOM test battery (Bland et al., 2016), can be used to detect the intensity required to recognise
emotions in facial expressions. In contrast to other tasks assessing the processing of emotional
expressions in faces, this task does not test the identification of emotions — the emotion in question is
announced to the participants before a trials starts. Rather, emotions are displayed in ascending or
descending intensities with participants indicating their point of detection, testing how sensitive they
are to recognising different emotions. The task has been previously demonstrated to detect emotion-
specific alterations in emotion recognition intensity in a sample of patients with cocaine addiction

(Bland & Ersche, 2020).

In this task, participants were instructed to observe the picture of a face that either increases (forward
condition) or decreases (backward condition) in emotional intensity (see Figure 2). In the forward
condition, a neutral expression was replaced with a series of 13 morphed images increasing in intensity
until a high emotional expression was reached, resulting in a 15-step scale. Each image was displayed
for 500 ms. Participants were asked to press the space bar once they detected the presence of an
emotion. Importantly, the emotion in question was announced to the participants before every trial
(e.g. “Press SPACE once you recognise ANGER"”). In the backward condition the images were presented
in reverse order, i.e. from high emotional intensity to a neutral facial expression, and participants were
asked to press the space bar once they no longer detected the presence of an emotional expression

(e.g. “Press SPACE once you no longer recognise ANGER”). The task includes five basic emotions (anger,
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disgust, fear, happiness, and sadness), as well as a sixth (surprise) that was used for two practice trials
prior to the start of the task (one for the forward and one for the backward condition). There were two
different sets of pictures: One set was showing a female, the other one a male face. Each of the five
emotions was presented twice per condition and gender, resulting in a total of 40 trials per participant.
The intensity at which participants detected (forward) or no longer detected (backward) each emotion
was used as the primary outcome measure, with a lower value meaning that participants recognised
the emotion at a lower intensity. If participants did not press the space bar at all, intensity was set to
15 (forward) or 0 (backward), respectively.

backward condition

forward condition

Figure 2. Schematic representation of the Emotional Intensity Morphing Task

Data analysis

Intensity values were averaged within trial types. Group differences in overall emotion recognition
were tested using a 2x2x3 repeated measures ANOVA, with intensity as dependent variable, (the
face’s) gender (female/male), and condition (forward/backward) as within-subject factors, and group
(control/non-addicted/addicted) as between-subject factor. For group comparisons, planned contrasts
were a priori specified: Contrast 1 collapsed the opioid-using groups and compared them to the healthy
participants (contrast weights on the main effect of group: 1 -.5 -.5); Contrast 2 compared the non-
addicted to the addicted opioid-using group (contrast weights on the main effect of group: 01 -1). To
further test for group differences in emotion-specific recognition, a multivariate 2x2x3 ANOVA was
conducted, with intensities for each emotion as separate dependent variable, gender and condition as
within-subject factors, and group as between-subject factor. The same contrasts were applied for

planned comparisons. As behaviour in the Emotional Morphing Intensity task is not impacted by
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differences in gender or years of education (Bland et al., 2016), these variables were not included as

covariates into the analysis, even though the groups differed in those characteristics.

4.3 - Results

Repeated measures ANOVA revealed significant main effects for face gender (F1,s3 = 30.0, p < .001,
7722, =.27), and condition (F1s3 = 193.6, p < .001, 7722, =.7) as well as a significant gender-by-condition
interaction (F183 = 30.7, p < .001, 7712, =.27), indicating a lower intensity required to recognise female
compared to male faces in the backward direction. Analysis revealed no main effect of group
(F283 = 0.7, p = .498) or any significant interactions including group (all p > .5). Planned contrasts
showed no differences in overall emotion recognition between the healthy participants and the opioid-
using patients (ts3 = 0.2, p =.405) or between the two opioid-using patient groups (ts3 =-0.26, p = .417;

see Figure 3).

For the emotion-specific multivariate ANOVA, planned contrasts identified no significant differences
between healthy participants and patients for any emotion (anger: ts3 = 0.18, p = .557, disgust:
tss= 0.44, p = .181, fear: ts3= -0.02, p = .939, happiness: ts3 = 0.23, p = .467, sadness: ts3= 0.17,
p = .618). Planned comparisons did, however, reveal a significant group difference between opioid-
addicted and non-opioid-addicted patients in the intensity required to recognise fearful facial
expressions (ts3 =-0.94, p=.016, d = 0.73), indicating a higher intensity required for the opioid-addicted
patients, while intensities required for recognising anger (tss = -0.64, p = .117), disgust
(tss = 0.11, p = .802), happiness (tss = 0.36, p = .387), and sadness (ts3 = -0.18, p = .692) did not differ

between the two groups (see Figure 3).

Emotion recognition measures were not significantly correlated to any opioid use characteristics for

either patient group.

4.4 - Discussion

The aim of this chapter was to clarify the relationship between facial emotion recognition and chronic
opioid use. Patients and healthy participants completed a task in which they indicated their point of
detection for five basic emotions (anger, disgust, fear, happiness, sadness) with a button press. In a

first planned comparison, patients with chronic opioid use were compared to healthy, opioid-naive
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participants and, in a second planned comparison, opioid-addicted patients were compared to non-

addicted patients with chronic opioid use.
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Figure 3. Overall and emotion-specific intensities required for emotion recognition.

In contrast to my first hypothesis, patients with chronic opioid use displayed no deficits in emotion
recognition, marked by a point of detection comparable to the control group. This finding was
unexpected due to the role opioids had been shown to play in recognising facial expressions (e.g.
Wardle et al., 2016). The reduced opioidergic tone related to chronic opioid use (Kling et al., 2000) was
expected to disrupt facial emotion recognition by altering spontaneous gaze patterns (Chelnokova et
al., 2016). It is possible that the acute effects of the opioids currently used for either OMT or pain
treatment compensate for potentially long-term adaptations caused by chronic use. A study probing
the processing of fearful faces in opioid-addicted patients found hyper-activation of the amygdala, a
brain structure orchestrating the inadvertent attentional shift towards the eye-region facilitating
correct identification of negative emotions, when testing patients prior to acute opioid administration
(Gamer & Biichel, 2009; Schmidt et al., 2014). Following heroin injection, however, amygdala
responses were comparable to healthy participants who had received saline injections (Schmidt et al.,
2014), which suggests that in patients with chronic use, acute opioids might “normalise” neural
processes involved in facial emotion recognition. This is supported by another study that reported
lower emotional empathy scores in patients in OMT, but only if their last opioid dose had been taken
more than 12 hours ago and was likely not active anymore (Carlyle et al., 2020). In patients who had

taken their OMT medication on the day of testing, empathy scores did not differ from control

42



participants. Emotional empathy relies on facial expression recognition (Besel & Yuille, 2010),
suggesting a similar mechanism could be at play here. In the present study, patients were eligible to
participate only following positive urine screen tests to opioids, yet showed no symptoms of opioid
withdrawal, indicating they were currently subjected to effects of their prescribed opioid drug.
Therefore, given the interplay between acute opioid effects and tolerance in long-term users, a

balanced opioidergic tone results in intact emotion recognition in patients.

The results in this chapter contrast previous studies investigating emotion recognition from facial
expression in opioid addiction, in most of which patients were also on OMT. Several studies found
impairments in the identification of emotional expressions in patients, either in accuracy (Craparo et
al., 2016; Kornreich et al., 2003; McDonald et al., 2013; Terrett et al., 2020) or in recognition speed
(Craparo et al., 2016; Martin et al., 2006). Data from our study do not support such an overall emotion
recognition deficit. This could be explained by different methods for measuring emotion recognition.
Most of the studies above used some variation of the same task design, where participants were
presented with pictures or videos of faces displaying a certain emotion and were subsequently asked
select the correct emotion from a set of options. The EIMT used in the present study diverges from
this approach and instead asks participants to press a button once they recognise (or no longer
recognise) a previously declared emotion (Bland et al., 2016). As such, EIMT assesses the point of
emotional intensity required to recognise a facial emotion, which is a measure of sensitivity towards
detecting emotion-related facial movements. The identification of emotions in facial expressions
measured by previous studies incorporates additional processes (Spunt & Adolphs, 2019), which
require, among others, the retrieval of information about emotion categories. EIMT therefore isolates
emotion recognition from more cognitive aspects of emotion recognition and hence provides a more

sensitive measure for affective aspects of aversion processing.

In line with my second hypothesis, opioid-addicted patients did not differ from non-addicted patients
in overall emotion recognition. They did, however, require a higher intensity of emotional expression
to recognise fear, while recognition of other basic emotions did not differ between the two patient
groups. Emotional intensity required for fear recognition was not correlated with the current opioid
dose or duration of opioid use, making it unlikely that the difference between the groups is caused by
higher exposure to opioids in the addicted group. Impaired fear recognition has previously been found
in patients addicted to alcohol (Trick et al., 2014), methamphetamine (Kim et al., 2011), and cocaine
(Bland & Ersche, 2020; Ersche et al., 2015; Morgan & Marshall, 2013), which implies a role for fear
recognition deficits in drug addiction in general. Fear recognition, a key social aspect of aversion
processing, could potentially be disrupted as part of the neural adaptations related to the addiction

cycle, where escalating drug use results in changes to brain and behaviour. Especially the
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withdrawal/negative affect stage of the model is linked to changes in aversion processing-related
neurocircuitry, including the aforementioned amygdala (Koob & Volkow, 2016), suggesting that
impaired fear recognition could co-develop with and potentially further exacerbate drug addiction, as
it is linked to impaired socio-cognitive functioning (Corden et al., 2006) and thus may hinder the
formation and maintenance of supporting relationships. At the same time, it is also possible that a
decreased sensitivity for fearful faces predates the onset of drug addiction and thus serves as a risk
factor for its development. Patients with opioid misuse and pronounced alexithymia, closely associated
with impairments in facial emotion recognition (Craparo et al., 2016), have reported increased opioid
use in distressing situations (Henschel et al., 2022). Difficulties in understanding own and others’
feelings can be highly distressing and repeatedly avoiding this negative affect due to the ability of
opioids to reduce social stress (Bershad et al., 2015) might contribute to the development of opioid
addiction. Ultimately, from the present data, it is not possible to determine whether deficits in fear
recognition in patients addicted to opioids result from addiction-related neuroadaptations or predate

its development and can thus be considered as risk factor.

To summarise, patients with chronic opioid use did not differ from healthy participants in overall or
specific emotion recognition from facial expressions. However, opioid-addicted patients required a
higher intensity of emotional expressions to recognise fear compared to non-addicted patients. This
suggests that impairments in fear recognition, a crucial sub-process of aversion processing, are

specifically related to opioid-addiction and not a necessary consequence of chronic opioid use.
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Chapter 5 - Pavlovian fear and safety learning

5.1 - Introduction

To safely navigate our daily surroundings, learning from experience as to what poses a threat and what
conveys safe is key. From predatory animals to busy intersections, this holds true nowadays as it did
throughout human history and across species: Learning what to fear and what not to fear ensures
survival. Crucial mechanisms for this are Pavlovian fear conditioning, where previously innocuous
stimuli are learned to elicit fear responses after being followed by a threat, and fear reversal, where
learned fear and safety-related knowledge is updated and flexibly adapted to changing circumstances.
Learning and updating of fear are critical aspects of aversion processing and as such are modulated by
the opioid system; it remains, however, unknown how chronic opioid use affects the functioning of
these mechanisms. Additionally, fear conditioning and impairments in flexibly updating fear and safety
have been proposed to contribute to the chronic nature of opioid addiction by facilitating conditioned

withdrawal and subsequent relapse (Pantazis et al., 2021).

In this chapter, | will first describe the mechanisms of fear conditioning and reversal, introduce their
underlying neural networks, and the respective role of the opioid system. | will then theoretically link
the two mechanisms to opioid addiction before using physiological and neuroimaging data to

characterise fear conditioning and reversal following chronic opioid use with and without addiction.

Fear conditioning

In the terminology of experimental psychology, fear conditioning occurs when an aversive event
(unconditioned stimulus (US); e.g. application of an electric shock) is repeatedly preceded by a neutral
event (conditioned stimulus (CS); e.g. presentation of a geometric shape; Lonsdorf et al., 2017). Over
time, CS and US become associated - the CS is identified as a threat signal and evokes a fear response
in anticipation of the US (conditioned response; CR), often measured as a rapid change in physiological
functioning (e.g. increase in SCR or pupil dilation) following onset of the CS. Often, not one but two CS
are included in fear conditioning tasks: one that is repeatedly paired with the US (denoted as the CS+)
and another that is never paired with the US (CS-). Conditioned responses to the CS- are marked by
the inhibition of fear and can be understood as safety responses (Laing & Harrison, 2021). Differential
fear conditioning compares responses to CS+ and CS- and allows to draw inferences on both fear and
safety learning while considering inter-individual differences in overall physiological responses

(Lonsdorf et al., 2017).

The underlying neural substrates of fear conditioning have repeatedly been investigated in fMRI
studies demonstrating a fear network that is activated following CS+ presentation (Fullana et al., 2016).
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This network consists of several brain regions including the anterior insula, the ventral striatum, and
the dACC. Following CS- presentation, a safety network is activated that includes cortical regions such
as the primary somatosensory cortex (S1), vmPFC, and the posterior cingulate cortex (PCC; Fullana et
al., 2016). Critically, fear and safety networks modulate each other in antagonistic fashion: the

activation of the fear network inhibits the activation of the safety network and vice-versa.

An extensive animal literature shows that successful fear conditioning is dependent on opioidergic
circuits (McNally et al., 2011). Mechanistically, this can be explained through the involvement of p-
opioid receptor signalling in prediction error (PE) learning — that is, the continuous updating the value
of a stimulus by comparing predicted outcomes to actual outcomes (S. S. Y. Li & McNally, 2014).
Differential fear conditioning can be thought of as PE learning, where, initially, both CS start out with
a neutral value, since it is unknown which is associated with the US. Pairing one CS with the US creates
a negative PE (i.e. outcome is worse than expected), which is used to update the CS value. Is this CS
encountered again, US expectancy will be higher than before, as its aversive value has been increased.
When a CS is followed by the absence of the US, this leads to a positive PE (i.e. outcome is better than
expected), reducing the aversive value of the CS. The relative aversive value of the CS then determines
the CR as either fear-inducing or fear-inhibiting. Prior research has demonstrated that learning from
negative PEs is inhibited by high opioidergic tone, which is why acquisition of fear is attenuated after
administering p-agonists (Good & Westbrook, 1995) and potentiated after administering antagonists,
both in animals and in humans (Eippert et al., 2008; Fanselow & Bolles, 1979). Learning from positive
PEs on the other hand, is facilitated by high opioidergic tone (McNally & Westbrook, 2003), which is
critical for fear extinction where the CR disappears when the CS+ is repeatedly not being followed by
the US. Endogenous opioid receptor function can be downregulated following chronic opioid use,
reducing opioidergic tone (Zubieta, 2000). This should lead to reduced learning from positive and
increased learning from negative PEs, resulting in increased fear and decreased safety learning.
Evidence of potentiated fear acquisition (Pennington et al., 2020) along with impaired fear extinction

(Gu et al., 2008) in rodents subjected to chronic opioids supports this idea.

The only study to date that has investigated fear conditioning following chronic opioid use in humans
found that opioid-addicted patients in OMT did not show increased but rather impaired fear
conditioning, indicated by no SCR discrimination between CS+ and CS- (Basden et al., 2016). When
prompted for contingency awareness (i.e. knowledge of which CS predicted the US), only 33% of
participants in the opioid-addicted group correctly identified the correct stimulus, compared to 87%
of healthy participants, which the authors propose could be explained by general cognitive deficits in
patients (Basden et al., 2016). As these first results disagree with findings from the animal literature,

many open questions remain regarding fear conditioning following chronic opioid use, such as whether
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fear conditioning is differentially altered in addicted and non-addicted patients and whether changes

in fear conditioning constitute a consequence or rather a pre-disposing factor for chronic opioid use.

Fear reversal

In an ever-changing world, it is not sufficient to once acquire knowledge about threat and safety, but
rather it is necessary to constantly monitor and flexibly update this knowledge. When a previously safe
stimulus (CS-) is surprisingly followed by a US, its value needs to be promptly updated (indicated by
the expression of a CR) in order to adaptively change behaviour. Conversely, when a CS+ ceases to be
followed by the US, the CR is gradually extinguished: the threat signal turns into a safety signal.
Updating of fear and safety contingencies can be experimentally assessed using fear reversal tasks
(Schiller et al., 2008). These paradigms consist of two phases, the acquisition phase, equivalent to a
differential fear conditioning paradigm, and the reversal phase, where the CS-US associations are
interchanged: without instruction, fear and safety contingencies switch so that the CS that previously
preceded the US is now safe (old CS+/new CS-), while the formerly safe stimulus is now followed by
the US (old CS-/new CS+). This reversal leads to an adjustment of the CR over the ensuing trials as the

new CS+ elicits the CR, while the response to the new CS- extinguishes.

In the brain, the vmPFC has been repeatedly demonstrated to be particularly critical for safety
updating, possibly by inhibiting previously learned threat associations (Schiller et al., 2008). As
mentioned above, opioidergic transmission affects fear learning by mediating positive and negative
PEs and is therefore likely involved in fear reversal. However, fear reversal was also found to be
impaired following depletion of serotonin (Kanen et al., 2021), a neuromodulator involved among
others in aversion processing and cognitive flexibility (Crockett & Cools, 2015; Matias et al., 2017),

which indicates that non-opioidergic receptor function can also modulate fear and safety learning.

Fear conditioning and reversal in opioid addiction

Fear conditioning and reversal have been proposed as an important mechanisms in the maintenance
of opioid addiction. Opioid addiction is defined by a chronically relapsing pattern of opioid use (Strang
et al., 2020) thought to be motivated by avoiding withdrawal, which is caused by an allostatic state of
the opioid system upon cessation of use (Koob, 2020). However, patients addicted to opioids often
relapse after prolonged abstinence or while undergoing OMT (Hser et al., 2015), where homeostasis
of the opioid system is regained or at least momentarily secured, nullifying the risk of withdrawal and
- in theory - extinguishing motivation for use. Crucially, exposure to certain environmental cues can

lead to the onset of opioid withdrawal. In a seminal study, experimenters repeatedly induced
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withdrawal in opioid-addicted patients in OMT by administering naloxone and paired administration
with a distinct high-frequency tone and odour (O’Brien et al., 1977). Following pairing of the
tone/odour and naloxone-induced withdrawal symptoms, presentation of the tone alone sufficed to
evoke both emotional and somatic symptoms of opioid withdrawal (conditioned withdrawal). Fear
conditioning can explain this phenomenon and help to shed light on why long-term abstinent patients
often relapse when encountering drug-related environments (Pantazis et al., 2021): Withdrawal
symptoms serve as highly aversive US; previously innocuous stimuli (e.g. a friend’s apartment where a
withdrawal episode took place) take on threatening properties through their association with the US
and become a threat signal (CS+). Presentation of the CS+ then leads to a conditioned fear response
which in turn motivates opioid use, leading to relapse and restarting the addiction cycle. Critically,
following prolonged abstinence or when undergoing OMT, fear and safety contingencies should be
updated: No withdrawal is to be expected when re-encountering the environment, therefore the
conditioned fear response should be extinguished. Impairments to safety updating in patients with
opioid addiction could therefore help to explain why exposure to withdrawal-associated cues

continues to elicit fear, and hence motivates relapse.

To date, no study has investigated fear reversal learning in patients with opioid addiction. In face of
the key role of the vmPFC for safety updating (Schiller et al., 2008), it bears mentioning that this brain
region has reduced grey matter volume in patients with opioid addiction (Wollman et al., 2017), which
furthermore appears to be specific to opioid addiction when compared to cocaine addiction (Ceceli,
Huang, et al., 2023). Interestingly, in a different study, vmPFC volume of currently abstinent opioid-
addicted patients did not differ from healthy control participants (Tolomeo et al., 2016), which could
either suggest that a smaller vmPFC is caused by chronic opioid use and recovers following abstinence
or that patients with higher vmPFC volume have more success in ceasing opioid use. Deficiencies in
vmPFC structure or function could underlie impaired safety updating and therefore contribute to
conditioned withdrawal-related relapse. This remains, however, speculative as no study has tested the

relationship between fear reversal, chronic opioid use, and opioid addiction.

Taken together, fear conditioning and reversal represent aspects of aversive processing essential to
adaptive emotional responding. While fear conditioning figures to be altered following changes in
opioidergic tone following chronic use, impaired safety updating has been suggested to contribute to

the chronically relapsing nature of opioid addiction.
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Aims & Hypotheses

In the following, | aim to characterise fear conditioning and reversal as well as their neural substrates
following chronic opioid use in patients with and without opioid addiction. | hypothesise that fear
conditioning is potentiated in the patients with chronic opioid use, indicated by a larger stimulus
discrimination between the CS+ and the CS- compared to healthy participants. Concomitantly, |
hypothesise that patients show hyper-activation of brain regions that are part of the fear network
(anterior insula, ventral striatum, dACC) for the CS+ > CS- contrast, compared to healthy participants.
For the fear reversal, | hypothesise that safety updating is impaired in the opioid-addicted patients,
indicated by reduced stimulus discrimination between the new CS+ and the new CS- following reversal
compared to the non-addicted patients. | further hypothesise that this effect is accompanied by
reduced neural safety updating for the opioid-addicted patients, indicated by a lack of vmPFC
activation for the new CS- > new CS+ contrast following fear reversal, while the vmPFC is activated in

the non-addicted patients.

5.2 - Methods

Sample

A subset of the 86 participants included in the overall study sample completed the fear reversal task
described in this chapter. 21 participants were not suitable for MRI scanning (1 control, 13 opioid-
addicted, 7 non-addicted). 5 participants (2 control, 3 non-addicted) could not be reached or declined
a second study visit. Additionally, 6 participants aborted the MRI scan due to either scanner
malfunction, back pain, claustrophobia, or severe coughing (1 control, 3 opioid-addicted, 2 non-
addicted). One healthy participant reported falling asleep during the task and was subsequently
excluded. In total, 53 participants were included in the analyses reported in this chapter: 33 healthy

participants, 7 opioid-addicted patients, and 13 non-addicted patients.

Task description

A threat reversal paradigm was applied to measure participants’ physiological and neural responses to
threatening and safe stimuli with reversing contingencies (Apergis-Schoute et al., 2017) inside an MRI
scanner. In this task, participants were instructed to carefully observe pictures of angry male faces
presented to them. Participants were further informed that they might receive electrical shocks to one
of their wrists, but it was not specified when this would be the case. Two pictures of different men

displaying an angry facial expression - overlaid with either green or purple colour to increase
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discriminability - were shown in a pseudorandomised order on the screen for 4 s, with 12 s inter-trial-
interval displaying a white-on-black fixation cross (see Figure 4). During the acquisition phase (trials 1
to 40), one of the two faces (Face A, the initial CS+) was partially reinforced with an electric shock (US),
while the other face was never paired with a shock (Face B, initial CS-). The CS+ was presented 8 times
with a shock delivered at cue onset and 16 times without shock while the CS- was presented 16 times.
Throughout the task, we ensured that a CS+ presentation with shock would never be followed by
another shock trial and that there would never be more than two consecutive trials of the same kind.
Following the acquisition phase, the CS-US contingencies were reversed (reversal phase, trials 41 to
80), so that the face previously paired with a shock was now safe and the previously safe face was now
intermittently reinforced with shocks. Again, the new CS+ (Face B, old CS-) was presented 8 times with
a shock and 16 times without shock while the new CS- (Face A, old CS+) was presented 16 times. The
reversal occurred uninstructed and without break, so participants were not aware that task

parameters had changed. Images assigned to faces A and B were randomised between participants.

As this task was carried out following the habit learning task, where one Wasp electrode remained
connected to one wrist while the other one was removed (see Chapter 8). Participants completed this
task with the one electrode connected to either their right or left wrist (randomly assigned). Individual
shock intensity was determined beforehand using a standardised shock work-up procedure (see
Chapter 3). Before the fear reversal task started, we applied one shock to participants’ wrist and
participants confirmed that the shock was still aversive. During this task, no behavioural responses
were carried out rendering skin conductance responses to the stimuli the primary outcome measure

(see below).

acquisition phase reversal phase

Figure 4. Schematic representation of the fear reversal paradigm.
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Physiological recording, pre-processing and analysis

Similar to the original paper to use this task (Apergis-Schoute et al., 2017), acquisition and reversal
phase were divided into an early and late stage each. During the course of the task, EDA was recorded
from participants’ left palm. EDA recording, visual inspection, pre-processing, and SCR computation
were carried out as described in Chapter 3. For the analyses reported in this chapter, SCR data were
averaged by stage (early acquisition (trials 1-20); late acquisition (trials 21-40); early reversal (trials 41-
60); late reversal (trials 61-80) and stimulus (Face A; Face B, shock). All SCR data reported here were
standardised and normalised (i.e. z-scored and log-transformed). Stimulus discrimination was
computed for each stage by subtracting the mean SCR to Face B from the mean SCR to Face A, whereby
only trials without shock were included, and used as primary outcome variable. Group differences in
stimulus discrimination were tested using a 4x3 repeated measures ANOVA, with stimulus
discrimination as dependent variable, stage (early acquisition/late acquisition/early reversal/late
reversal) as within-subject factors, and group (control/non-addicted/addicted) as between-subject
factor. For hypotheses testing, | tested the group-by-stage interaction using planned contrasts.
Contrast weights were specified as follows: In Contrast 1, the opioid-using groups were combined and
compared to the healthy participants for the early acquisition stage (group contrast weights: 1 -.5 -.5);
in Contrast 2, the non-addicted patient group was compared to the addicted opioid-using group for
the early acquisition stage (group contrast weights: 0 1 -1). For the early and late reversal stages, the
same group comparisons were carried out, but for the inverse discrimination (Face B — Face A; group
contrast weights: -1 .5 .5 and 0 -1 1). SCR responses to the US were analysed in a separate analysis,
again using 4x3 repeated measures ANOVA, with US response as dependent variable, stage (early
acquisition/late acquisition/early reversal/late reversal) as within-subject factor, and group

(control/non-addicted/addicted) as between-subject factor.

Neuroimaging acquisition, pre-processing, and analysis

Acquisition and pre-processing of fMRI data were carried out as described in Chapter 3. For the first
level (i.e. subject-level) analysis, individual general linear models were set up for each participant with
one regressor for every stimulus during every phase of the task (12 regressors in total; CS+/CS-/US
trials in early/late acquisition and early/late reversal). 4-second boxcars at stimulus onset were
convolved with a canonical hemodynamic response function. Additionally, realignment parameters as
well as their first and second derivatives were included as nuisance regressors to control for artefacts
caused by head motion. To restrict analysis to grey matter BOLD responses, two additional nuisance
regressors were added including white matter and CSF maps estimated during the segmentation in
pre-processing. For each participant individually, regressor weights (beta images) were estimated
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using the pre-processed 4D-images. Beta images of the 12 regressors of interest were then warped
into template space and smoothed using a 6 mm full-width half-maximum (FWHM) Gaussian kernel.
For the second level (i.e. group-level) analysis, a flexible factorial design was set up, including one
regressor for each of the participants (subject factor), one for each of the groups (group factor), and
one for each condition (e.g. “Early_Acquisition_CSplus”), as well as a total of 36 regressors for the
group x condition interaction. Statistical parametric maps for each of the 96 regressors were estimated
and analysed using a priori specified regions-of-interest (ROI) analyses, which were conducted by
applying small-volume correction masks for insula, striatum, dACC/preSMA, and vmPFC/mOFC
included in the WFU PickAtlas Toolbox for SPM (version 3.0.5). T-contrasts for flexible factorial designs
were specified to test for interaction effects between groups and conditions (Glascher & Gitelman,
2008). Comparable to the SCR analysis, a first group of contrast was specified to test for differences
between healthy participants and patient groups (group contrast weights: 1 -.5 -.5), a second group of
contrasts testes for differences between the two patient groups (group contrast weights: 0 1 -1).

Results were corrected based on family-wise error rates with a-levels set to .05.

5.3 - Results

SCR data from 13 participants was excluded due to noisy recordings or non-responses to the US
(8 control, 1 opioid-addicted, 4 non-addicted). The first 7 participants (all from the control group)
included in the study were scanned using sub-optimal fMRI parameters, leaving to the exclusion of
these subjects for neuroimaging analysis; however, their SCR data was included. One participant from
the control group was excluded from the fMRI dataset due to excessive head motion (> 10 mm); SCR
data from this participant was retained. The final fMRI sample consisted of 45 participants (25 control,
7 opioid-addicted, 13 non-addicted); the final SCR sample consisted of 40 participants (25 control, 6
opioid-addicted, 9 non-addicted). Groups did not differ in regard to the wrist the shock electrode was
connected to (y%2 = 2.2, p =.335). Individual shock intensities applied for the task did not differ between
the groups (F2,53 = 0.7, p = 0.508).

Physiological results

Repeated measures ANOVA revealed no significant main effect of group (F,37 = 0.4, p = .702), main
effect of stage (Fs111 = 1.5, peorr. = .218) or group-by-stage interaction (Fs111 = 1.7, peorr. = .154) on
stimulus discrimination. In the early acquisition stage, planned contrast showed a significant difference

between the patient and control groups (t;7 = 3.5, p = .001, d = 0.86), indicating higher stimulus
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discrimination in the control group (see Figure 5). Follow-up one-sample t-tests demonstrated that
stimulus discrimination significantly differed from zero in the control group (to = 3.5, p = .002,
d =0.76), but not in the opioid-addicted (ts =-2.3, p = .066) or non-addicted (ts =-0.7, p = .503) group.
Post-hoc tests revealed no group differences for the late acquisition stage (all pcorr. > .800), where 95%
confidence intervals (Cls) included zero for all three groups. Planned comparisons for the early reversal
stage showed no significant difference between the two patient groups (t37 =0.9, p =.397) or between
the patient and control group (t37 = 1.2, p = .228). Stimulus discrimination for this stage differed from
zero in the control group (t2a =-2.1, p =.045, d = 0.47), but not in the opioid-addicted (ts = 1.3, p =.244)
or non-addicted group (ts = -0.5, p = .646). During the late reversal stage, no significant group
differences between the two patient groups (ts7 = 0.4, p = .694) or between the patients and the
healthy participants were found (ts3; = 1.5, p = .151). Again, stimulus discrimination did differ from zero
for the healthy participants did t;4=-2.9, p =.007, d = 0.22), but not for the opioid-addicted (ts = -0.6,
p = .545) or non-addicted patients (ts =-1.6, p =.148).

A separate repeated measures ANOVA analysing SCR to the US found a significant main effect of stage
(Fs,111 = 14.3, pcorr. < .001, 7722, =.28), but no main effect of group (F,37 = 2.0, p = .145) or group-by-stage
interaction (Fe111 = 1.6, peorr. = .184). Including shock intensity as a covariate into the analysis did not

affect the results.

a
[[] control
0.05 * . non-addicted
[l opioid-addicted
s
d
S 0025
+
w
£
£
c
S
k=] 0
o
s
E
g
2
w
=5
S -0.025
E
&
0.05 ) (
early ACQ late ACQ early REV late REV

53



b [7] Face A control [ ] Face B control
. Face A non-addicted . Face B non-addicted
. Face A opioid-addicted  [JJJ] Face B opioid-addicted

5 0.15! T
& i
— i ¢
+
4 B -
=
s o1 BE ' |
é BN
o
[N
| | |
5 |
2 =8
£ :
B 005 | i I

0 lI — II o I i |

early ACQ, late ACQ early REV late REV

Figure 5. SCR stimulus discrimination (a) and stimulus responses (b) for all groups and stages. For better interpretability,
figures display raw SCR data. For analyses, standardised and normalised data was used. ACQ: Acquisition phase; REV: Reversal
phase.

Neuroimaging results

For the CS+ > CS- contrast in the early acquisition phase, ROl analysis revealed significantly higher
activation for the patient groups compared to healthy participants in the left posterior insula
(xyz =-39 -6 8, T = 5.1, prwe = .003). Conversely, healthy participants displayed significantly higher
activation in the left caudate (xyz =-12 0 18, T = 5.6, prwe < .001) and left preSMA (xyz = -20 20 57,
T=6.7, prwe < .001). Figure 6 displays early acquisition CS+ and CS- activation in the significant clusters
identified in the ROI analyses for all three groups. Exploratory whole-brain analysis for this contrast
showed additional significant clusters at prwe < .05, including higher activation for controls in the mOFC

and higher activation for patients in the right S1, left amygdala, and left vmPFC.

For the new CS- > new CS+ contrast during early reversal, ROl analysis revealed no significant clusters
when comparing the two patient groups, at either pewe < .05 Or Puncorr. < .001. During the late reversal
stage, however, opioid-addicted patients showed higher activation compared to non-addicted patients
in a vmPFC cluster (xyz =2 32 -26, T = 4.8, puncorr < .001), albeit only after lowering the significance level

Puncorr. < .001 (see Figure 7). No voxels survived FWE-correction for exploratory whole-brain analysis.
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Figure 6. Significant activations in pre-defined ROls for the CS+ > CS- contrast during early acquisition. Clusters are presented
at prwe < .05. Yellow denotes higher activations for healthy participants, cyan denotes higher activations for the patient
groups. BOLD activation is averaged across all voxels of the cluster.

VMPFC (232 -26)

BOLD signal change (a.u.)

[y
w

=
o

w

(=]

&)

[
o

-
w

D CS+ control
. CS+ non-addicted
[l cs+ opioid-addicted

D CS-control
. CS- non-addicted
[l cs- opioid-addicted

Figure 7. Neural safety signalling following reversal. Significant activations in the pre-defined ROI for the new CS- > new CS+
contrast during late reversal. Cluster is presented at puncor. < .001. Cyan denotes higher activations for opioid-addicted
compared to non-addicted patients. BOLD activation is averaged across all voxels of the cluster.
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Whole-brain analysis for the main effect of US yielded significant clusters in the right anterior insula
(xyz=33264,T =6.9, prwe < .001), left anterior insula (xyz=-3324 6, T=6.2, prwe < .001), right preSMA
(xyz=21251, T=5.0, prwe = .020), and occipital cortex (xyz =15 -84 -9, T=10.1, prwe < .001). No group
differences were found in US responses when comparing healthy participants to the patient groups or
when comparing the two patient groups in whole-brain analyses thresholded at either

Prwe < .05 OrF Puncorr. < .001.

Relationship between physiological and neural responses

Associations between SCR discrimination during early acquisition, late reversal, and US presentation
were correlated with neural activations extracted from significant clusters stemming from ROl analysis;
Spearman correlation was used to adjust for extreme values in neural activation patterns. For healthy
participants and non-addicted patients, SCR discrimination during early acquisition did not significantly
correlate with stimulus discrimination in any ROI. For the opioid-addicted patients, early acquisition
SCR discrimination correlated positively with early acquisition neural discrimination in the left caudate
(0 =.89, p=.033). During late reversal, SCR discrimination was not significantly correlated with vmPFC
discrimination in either group. In the non-addicted patients only, SCR US responses during early
acquisition positively correlated with early acquisition neural stimulus discrimination in the posterior

insula (p =.77, p =.021).

Associations with opioid use characteristics

For opioid-addicted patients, duration of opioid use was significantly and negatively correlated with
US responses in the left anterior insula (p = -.82; p = .034), while showing a trend in the right anterior
insula (p =-.71; p =.088). Current daily opioid dose was not correlated with any physiological or neural
responses. For the non-addicted patients, duration of opioid use was significantly correlated with SCR
stimulus discrimination in early acquisition (p = -.67; p = .047), and early reversal (p = -.84; p = .005),
while current daily opioid dose was significantly associated with early acquisition stimulus
discrimination in the left preSMA (p = .62; p = .024) and with US responses in left (o = -.66; p = .015)
and right anterior insula (p = -.60; p = .032).
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5.4 - Discussion

In this chapter, my aim was to characterise fear conditioning and reversal following chronic opioid use
while also analysing the neural basis of these mechanisms. Patients with and without opioid addiction
as well as healthy participants completed a fear reversal paradigm, where physiological (SCR) and
neural (fMRI BOLD) responses to threatening and safe stimuli were measured during fear acquisition

and reversal.

Contrary to my first hypothesis, fear conditioning measured by SCR stimulus discrimination in the early
acquisition stage was impaired rather than potentiated in patients with chronic opioid use. While
healthy participants learned to discriminate between the threatening and the safe stimulus, patient
groups failed to do so, indicated by no difference between the conditioned responses to the stimuli.
Importantly, the lack of stimulus discrimination cannot be explained by alterations in the processing
of the US itself as all groups showed similar SCR on trials in which the electric shock was presented.
This suggests that aversive learning and not the initial encoding of aversive stimuli is impaired following
chronic opioid use, in accordance with the findings of the only other study investigating fear
conditioning in patients in OMT (Basden et al., 2016), which found no differential fear conditioning

despite intact US responses.

Impaired differential fear conditioning in the patient groups was mirrored by inconsistent and
intertwined activation of neural fear and safety networks. While activation patterns in some parts of
the fear network, such as the anterior insula and dACC, were similar to healthy participants, patients
showed activation in regions included in the safety network in response to the threatening stimulus,
such as the primary somatosensory cortex and the vmPFC (Fullana et al., 2016). In response to the safe
stimulus, patients hyper-activated multiple brain structures central to the fear network (Fullana et al.,
2016), such as the caudate, putamen, and preSMA. Interestingly, patients also showed increased
activation to the threatening compared to the safe stimulus in the posterior insula, a brain region
which encodes the intensity of incoming painful stimuli (Segerdahl et al., 2015). This suggests that on
some level stimulus discrimination did indeed occur in the patients; however, disorganised overall

activation of neural fear and safety networks appears to impede aversive learning.

These neuroimaging findings allow to draw inferences on the mechanisms underlying impaired fear
conditioning in patients. Successful fear learning hinges on assigning different aversive values to the
threatening and safe stimulus. Initially, values of the two are identical; as soon as one stimulus is
followed by an aversive event, negative prediction error signals are utilised to increase the aversive
value of that stimulus. Inconsistent activation of the fear network, particularly of the caudate where
aversive prediction error signals are encoded (Seymour et al., 2007), prevents the continuous updating

of aversive values required for fear learning. The lack of physiological discrimination between
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conditioned responses to the stimuli observed in this chapter could therefore be the result of deficient
striatal prediction error learning. The correlation between caudate activation and SCR stimulus
discrimination in the opioid-addicted patients underscores the notion that impaired processing of
aversive prediction errors leads to impaired fear learning in addiction. Notably, this relationship was
absent in the non-addicted patients, which could imply that impaired fear conditioning in this group
might be caused by something other than impaired striatal prediction error signalling. In this group,
longer duration of opioid use was correlated with smaller SCR stimulus discrimination, possibly
indicating that impaired fear learning is caused by chronic opioid use in the non-addicted group, but
independent from chronic use in addicted patients. However, larger patient samples would be
required to reliably dissociate mechanistic impairments underlying a lack of differential fear

conditioning in these two groups.

My second hypothesis predicted impaired safety updating in patients addicted to opioids compared to
non-addicted patients. Since no fear conditioning occurred in these two groups, it was not possible to
investigate the updating of fear and safety contingencies; after all, one can only re-learn what has been
learned to begin with. While healthy participants showed the expected pattern (larger SCR for the new
CS+ compared to the new CS- following reversal) similar to other studies using the same paradigm
(Apergis-Schoute et al., 2017; Roberts et al., 2022), stimulus discrimination did not differ from zero in
either patient group following the reversal procedure. Unexpectedly, opioid-addicted patients showed
increased activation to the new CS- in the vmPFC compared to the non-addicted patients during late
reversal, suggesting that safety signalling occurred in this group but not in the non-addicted patients.
However, activation in this cluster was not associated with SCR discrimination which suggests that
other neural processes might have impeded expression of adequate conditioned fear and safety

responses.

Lastly, it is notable that all three groups selected similar shock intensities during the pre-task shock
work-up procedure and physiological and neural responses to electric shocks were comparable
between groups. Previous research suggested reduced thresholds for aversive stimulation following
chronic use (opioid-induced hyperalgesia; Higgins et al., 2019; Trgstheim & Eikemo, 2024). From this,
lower shock intensities and higher US responsiveness could have been expected for the patient groups.
At the same time, all patients were using opioids at the time of testing, which might have counteracted
increased pain perception and normalised neural responses to aversive stimulation (Lee et al., 2014).
In support of this idea, a higher current opioid dose was associated with reduced US responses in the
anterior insula for the non-addicted patients. Such a relationship was absent in the opioid-addicted
patients, and it is worth mentioning that methadone dose has previously been found to be positively

rather than negatively correlated with SCR to electric shocks in opioid-addicted patients (Basden et al.,
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2016). Instead, in opioid-addicted, but not non-addicted, patients the duration of opioid use was
negatively associated with anterior insula US responses, which could indicate long-term opioidergic
adaptations following chronic use. However, this correlation is based on data of only six individuals
and therefore requires replication in larger samples. Hence, the relationship between pain processing

on the one hand and chronic and acute opioid use on the other remains elusive.

In this chapter, fear conditioning was found to be impaired in patients with chronic opioid use,
irrespective of whether they were addicted to opioids or not and despite intact processing of the
aversive unconditioned stimulus. Neuroimaging results indicate overlapping hyper- and hypo-
activation of neural fear and safety networks, pointing towards disorganised neural responses to
threatening and safe stimuli underlying the learning deficit. Different relationships between fear
conditioning outcomes and opioid-use characteristics between the two opioid-using patient groups
suggest differential impairments resulting in fear learning deficits; nevertheless, the small sample sizes
of the patient groups in this chapter somewhat limit the interpretability of the relationship between

fear conditioning and chronic opioid use.
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Chapter 6 - Aversive instrumental learning

6.1 - Introduction

In addition to the Pavlovian fear conditioning covered in the previous chapter, learning from aversive
experiences is also mediated by aversive instrumental learning, which is related but yet separate to
fear conditioning. By way of aversive instrumental learning (also called instrumental avoidance
learning), we learn which behaviours to perform to avoid aversive events. As argued in Chapter 1,
avoidance and opioid use are intricately linked: While avoidance of aversive states such as pain, stress
or anxiety is the primary motivation for opioid use (Han et al., 2017), avoidance of withdrawal and
negative affect is considered the driving motivational force behind the maintenance of opioid addiction
(Koob, 2020). As the transition from initial opioid use to opioid addiction can be conceptualised as an
escalating spiral of avoidance behaviour, it is crucial to investigate instrumental avoidance learning as

potential mechanism in this development.

Instrumental avoidance learning can be understood within the framework of reinforcement learning.
Based on Thorndike’s (1927) law of effect, instrumental learning assumes that the frequency or
probability of performing a behaviour is determined by the outcome it has led to in the past (Sutton &
Barto, 2018). When a behaviour led to a desirable outcome, it is reinforced and the likelihood of
repeating the behaviour increases. Conversely, when a behaviour led to an undesirable outcome,
probability of repetition decreases. A desired outcome could either consist of obtaining a reward
(positive reinforcement) or avoiding punishment (negative reinforcement). Negative reinforcement is
the mechanism suggested to underlie instrumental avoidance learning: behaviours that result in
aversive outcomes acquire high aversive values and are therefore reduced or ceased entirely, while
competing behaviours resulting in the avoidance of the outcome acquire low aversive values and are
thus selected more frequently. In experimental settings, aversive instrumental learning tasks
commonly present participants with multiple initially neutral stimuli, asking them to select one of them
(Krypotos, 2015). If participants select an incorrect option, punishment occurs (e.g. electrical shock,
money loss), whereas a correct selection results in the avoidance of punishment. Such action-outcome
contingencies can be either deterministic (i.e. selection of the correct option always leads to
avoidance) or probabilistic (i.e. selection of the correct option increases the probability of avoidance).
Over the course of the experiment, participants accumulate evidence to select behavioural options
associated with a lower probability of punishment, indicating successful avoidance learning. In the
brain, feedback loops between multiple parts of the frontal cortex and the striatum provide the neural
basis for successful avoidance learning. Punishment and avoidance PEs are encoded in different sub-
regions of the striatum, such as caudate, NAcc, and posterior putamen (Delgado et al., 2008; Eldar et

al.,, 2016; H. Kim et al., 2006). The expected outcome values of the available behavioural options
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(encoded in the anterior insula) are continually updated by integrating punishment and avoidance PE
signals from the striatum. In successful avoidance learning, the behaviour associated with the lowest
aversive outcome value is selected from several competing behavioural options, which activates the
mMOFC/vmPFC, implicated in comparing values of several options to each other, and the striatum,

crucial for action selection (Palminteri et al., 2012; Pessiglione et al., 2006).

Chronic opioid use can be conceptualised as learned avoidance behaviour. Initial opioid use leads to
the avoidance of negative states (e.g. relief from physical pain, stress), which serves as a negative
reinforcement strengthening the action-outcome association. Given this critical role of avoidance for
chronic opioid use, alterations to avoidance learning could influence trajectories of opioid use. To date,
only very few studies have investigated aversive instrumental learning following chronic opioid use
and, so far, only in opioid-addicted patients. In one study, patients showed comparable avoidance
behaviour to healthy participants (Gradin et al., 2014) in a probabilistic learning paradigm; however,
neither group displayed avoidance accuracy above chance, indicating no avoidance learning regardless
of group. Unsuitable task parameters (e.g. low number of trials, small difference in avoidance
probabilities assigned to the correct and incorrect options) are likely to explain the lack of significant
avoidance learning (see Pessiglione et al. (2006), where the expected effect is found in the same task
with different parameters). While this prevented detecting potential learning impairments in
behaviour, patients differed from controls in their neural responses: In contrast to healthy participants,
patients failed to show activation relating to the encoding of avoidance PEs in the ventral striatum and
demonstrated reduced insula activation, indicating weaker representation of expected outcome
values (Gradin et al., 2014). These results indicate that opioid-addicted patients do not show the
pattern of neural activations associated with successful avoidance learning; however, given the lack of
a functional experimental design, these results have to be interpreted with caution. Notably, reward
learning was successful for both groups, indicating an avoidance-specific rather than general learning
deficit. Another study revealed that, compared to healthy participants, opioid-addicted patients
showed lower accuracy when learning from punishment but not when learning from reward (Myers et
al., 2017). Here, the authors proposed that the aversive learning deficit could be caused by an
undervaluation of aversive outcomes; however, the neuroimaging findings reported in Gradin et al.
(2014) demonstrate neural responses to money loss are intact. Instead, patients display difficulties in
value updating, which ties in with findings from Chapter 5, where fear conditioning was impaired in
patients despite intact responses to the aversive stimulus. The influential two-factor learning theory
(Mowrer, 1951) postulates fear conditioning to be an integral part of avoidance learning: punishment
following a behaviour can be understood as a Pavlovian CS-US association, leading to fearful
conditioned responses in anticipation of this behaviour. Fear relief by selecting a different behavioural

option would then serve as negative reinforcement, enabling instrumental learning. Therefore, it is
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possible that an inconsistent updating of aversive values, related to the erratic activation of striatal
structures observed during fear conditioning, could underlie impaired instrumental avoidance learning

in patients with chronic opioid use.

Difficulties in avoidance learning following chronic opioid use, however, do not explain while some
individuals develop opioid addiction while others do not. However, it has been proposed that
conditioned negative reinforcement (Pantazis et al., 2021) fundamentally contributes to the
compulsive opioid use that characterises addiction. Referring to the notion of conditioned withdrawal
presented in Chapter 5, this suggests that stimuli previously paired with highly aversive withdrawal
symptoms induce a strong fear of withdrawal. Since the onset of withdrawal can be reliably avoided
by opioid use, in this conceptualisation, opioid use can be understood as conditioned avoidance
(Pantazis et al., 2021). Performance of avoidance behaviour can, in turn, serve to maintain the fearful
conditioned response (see Krypotos (2015) for the bidirectional relationship between the two), which
is why Pavlovian associations are not extinguished over time. This could explain while it is not
uncommon that addicted patients relapse after prolonged abstinence. If this was the case, opioid-
addicted, but not non-addicted patients, might experience a bias towards avoiding stimuli that they
had learned to associate with aversive states such as withdrawal symptoms, subsequently showing

increased avoidance behaviour when avoiding aversively conditioned stimuli.

Taken together, while preliminary evidence suggests impaired aversive instrumental learning following
chronic opioid use, it remains uncertain if and to what extent such a deficit exists and whether or not
it is specific to patients with opioid addiction. Moreover, so far it is unknown whether conditioned
avoidance, the avoidance of stimuli previously paired with aversive stimuli, differs between the two

patient groups.

Aims & Hypotheses

In this chapter, my aim is to characterise instrumental aversive learning following chronic opioid use. |
will apply a novel two-part aversive learning paradigm designed to test instrumental avoidance
learning while concomitantly investigating potential effects of conditioned avoidance. For this,
instrumental learning will be preceded by a fear conditioning task in which some stimuli will be paired
with aversive and some with neutral stimuli. These stimuli subsequently have to be avoided in the

instrumental learning task, testing the influence of acquired fear responses on avoidance behaviour.

| hypothesise that instrumental avoidance learning is impaired following chronic opioid use, indicated
by lower avoidance accuracy compared to healthy participants, while avoidance accuracy does not

differ between patients with opioid-addiction and non-addicted patients. Furthermore, based on the
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notion of increased conditioned avoidance in opioid addiction, | hypothesise that opioid-addicted
patients, compared to non-addicted patients, show increased higher avoidance behaviour towards

stimulus previously paired with aversive, compared to neutral, content.

6.2 - Methods

Sample

All 86 participants included in this study completed the two-part aversive learning task and were

subsequently included for analysis in this chapter.

Behavioural task

The aversive learning task consisted of two parts. In the first part of the task (Pavlovian fear
conditioning), coloured tartan patterns were followed by aversive or neutral stimuli while conditioned
responses to the tartans were measured by SCR. In the second part (aversive instrumental learning),
participants learned to avoid money loss in a probabilistic learning environment that included the

previously conditioned tartans.

Prior to the start of the task, two electrodes were applied to the palm of the non-dominant hand to
record EDA (see Chapter 3). For the first part of the task, participants were asked to carefully observe
tartans displayed one after another on the screen and were instructed that tartans might be followed
by a combination of an image and a sound, some of which could be perceived as disturbing or off-
putting. To stay engaged during the task, participants were asked to count how many tartans were
surrounded by a blue frame. Following the instructions, the task started. In every trial, a white-on-
black fixation cross was followed by a coloured tartan (CS) and afterwards the presentation of a
combination of a picture and an audio file (US; see Figure 8a). Nature of the US depended on the trial
type (aversive or neutral): In aversive trials, two photos of human vomit were combined with audio
files of a person throwing up (USaversive). In the neutral trials, two photos of innocuous everyday objects
(a shopping cart, coat hangers) were combined with generic ringing sounds (USqeutral). Two coloured
tartans were randomly assigned to each trial type (CSaversive @and CSneutral), resulting in four CS-US
pairings, which were presented to participants in random order. Either at the beginning or at the end
of the task (counterbalanced), two additional tartans were presented in a block design. These trials
served the purpose of familiarising the participants with the tartans without any associative learning
involved, important for identifying the impact of conditioned avoidance in the second part of the task.

Following the presentation of the familiar tartans (CStamiiar), N0 US was presented: the screen turned
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black and no audio was played. Each tartan was presented 10 times, resulting in a total of 60 trials®.
After the last trial participants were asked how many blue frames they had counted. Participants then
had to rate the different visual stimuli as US for pleasantness and arousal on visual analogue scales
from 0 to 100. For this first part of the task, primary outcome measures were SCR discrimination

between the different trial types (CSaversive aNd CSreutral) as well as the rating scales.

5000 — 6000 ms 4500 ms 2000 ms 1000 - 3000 ms 3000 ms 500 ms

Figure 8. Schematic representation of the two-part aversive learning paradigm consisting of Pavlovian conditioning (a) and
instrumental learning utilising the conditioned tartans from the first part of the task (b).

The second part of the task immediately succeeded the first part. Participants were instructed to retain
as much as possible from a €50 virtual bank account by making correct decisions. They were informed
that selection of some tartans was linked to a high probability of losing 50ct while selecting others was
linked to a low probability. If participants failed to respond or responded late, they would lose €1.
Every trial consisted of a white-on-black fixation cross, followed by two differently coloured tartans

shown next to each other (see Figure 8b). Participants could select one tartan by touching it on the

6 Task parameters pertaining to the number of trials as well as duration of CS presentation were not the ones initially used.
After starting data collection, it was noticed that a relatively short presentation of the CS (1500 ms) prevented the analysis of
CR to the CS as physiological response curves would overlap with responses to the US itself. Accordingly, the timing was
adapted to the reported parameters while also reducing the number of trials from 120 to 60 to accommodate the elongated
trial structure. 56 participants (28 healthy participants, 18 non-addicted patients, 10 opioid-addicted patients) completed the
task before the first part was adapted, while 30 participants (10 healthy participants, 7 non-addicted patients, 13 opioid-
addicted patients) completed the task with the final parameters, only of whom SCR data is included. Critically, neither of the
behavioural outcome variables (US arousal and unpleasantness ratings, difference between number of actual and reported
blue frames, number of trials without response, avoidance accuracy) differed between participants who completed either

the final or the earlier version of the task, so that all participants were included in the analysis of these measures.
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screen; afterwards, a combination of visual (a crossed-out 50ct coin to signal money loss or a neutral
grey square to signal loss avoidance) and auditory feedback was provided (an aversive buzzing noise
indicating money loss or a neutral ringing sound indicating loss avoidance). If participants did not
respond within the 3 second response window, a crossed-out €1 coin was presented together with a
different, highly aversive noise. Participants’ current balance was at all times displayed underneath the
two tartans. In every trial, one of the two displayed tartans had already been introduced during the
first part of the task (either in aversive, neutral or familiarisation trials). The other tartan was one of
six novel tartans. Selecting a tartan from the first part of the study was associated with a 70% chance
of money loss, while selecting a novel tartan resulted in money loss in 30% of the trials, so that it was
advantageous to avoid an old tartan in favour of a novel tartan. Each of the six familiar-novel
combinations was presented 20 times (left-right alternated), resulting in a total 120 trials. After 60
trials, there was a short intermission and participants were free to continue after a short break. Primary
outcome measure was avoidance accuracy, i.e. the percentage of novel tartans selected over old

tartans, both overall and for all the tartan types (aversive, neutral or familiar) separately.

Psychophysiological recording, pre-processing, and analysis

Procedures pertaining to EDA recording and pre-processing are described in Chapter 3. SCR were
computed as event-related signal change in a response window defined as 500 to
3000 ms following stimulus onset. Statistical analysis reported in this chapter are based on
standardised and normalised (i.e. z-scored and log-transformed) SCR data. For each participant, SCR
data for the two trial types (aversive and neutral) was averaged. Stimulus discrimination was computed
by subtracting SCR to CSneutra from SCR to CSaversive and analysed using a one-way ANOVA, with stimulus
discrimination as dependent variable and group (control/non-addicted/addicted) as independent
variable. Planned contrasts were used for comparing healthy participants to patients (group contrast
weights: -1 .5 .5) and opioid-addicted to non-addicted patients (group contrast weights: 0 1 -1). Group
differences in SCR to the USaversive aNd USneutral Were tested in a 2x3 repeated measures ANOVA with
stimulus response as dependent variable, stimulus (aversive/neutral) as within-subject factor, and

group (control/non-addicted/addicted) as between-subject factor.

Analysis of behavioural data

For the first part of the task, unpleasantness and arousal ratings for each of the four US were averaged
within trial type and then compared separately between groups using a repeated measures ANOVA

with rating score as dependent variable, stimulus (aversive/neutral) as within-subject factor, and group
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(control/non-addicted/addicted) as between-subject factor. The reported number of tartans
presented in a blue frame was subtracted from the actual number of blue frames; the difference was
compared between groups in a one-way ANOVA with difference in reported blue frames as dependent
variable and group (control/non-addicted/addicted) as independent variable. For the second part of
the task, avoidance accuracy was computed as the proportion of trials on which the novel tartan was
selected over any of the tartans from the first part of the study, both across stimulus types as well as
for each stimulus (aversive, neutral, familiar) separately. To test learning over time, 40 trials per
stimulus were divided into 4 bins of 10 trials each. Hypotheses were testing using a 3x4x3 repeated
measures ANOVA with avoidance accuracy as dependent variable, stimulus (aversive/neutral/familiar)
and bin (1/2/3/4) as within-subject factor, and group (control/non-addicted/addicted) as between-
subject factor. For the second hypothesis, group differences in overall avoidance accuracy were tested
using planned contrasts on the main effect of group, comparing healthy participants to both patient
groups (group contrast weights: -1 .5 .5) and opioid-addicted to non-addicted patients (group contrast
weights: 0 1 -1). For the third hypothesis, planned contrasts were defined for the group-by-stimulus
interaction, testing avoidance accuracy on aversive trials over neutral trials for the group difference
between the two patient groups (interaction contrast weights:000-1101 -1 0). To further investigate
avoidance learning, gains in avoidance accuracy between early and late learning
(bing — bin;) were computed for each stimulus type and compared between groups (3x3 repeated

measures ANOVA).

6.3 - Results
SCR datasets from 5 participants (2 healthy participants, 1 non-addicted patient, 2 opioid-addicted

patients) had to be discarded because of noisy recordings or non-responsiveness to the US.

Part 1 — US pleasantness and arousal ratings

For the US pleasantness ratings, repeated measures ANOVA revealed a significant main effect of
stimulus (F183 = 144.0, p < .001, r)?, =.63), indicating higher pleasantness ratings for USneutral cOMmpared
to USaversive (aversive: 25.0 = 20.9; neutral: 59.5 + 15.9). The group-by-stimulus interaction (Fys3 = 3.3,
p = .042, 7722, = .07) was also significant but no post-hoc test showed significant results following
correction for multiple comparisons. The main effect of group was not significant (F2,s3 = 0.4, p = .668).
For the US arousal ratings, repeated measures ANOVA showed a significant main effect of stimulus
(F1,83=21.6,p<.001, r)?, =.21), indicating higher self-reported arousal for USayersive coOmpared to USqeutral,

and a significant stimulus x group interaction (F.s3 = 4.7, p = .012, r)?, =.10). Post-hoc tests revealed
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that healthy participants and non-addicted patients rated the USaversive as more arousing than USreutral
(control: tgs = 5.7, peorr < .001, d = 1.2; non-addicted: ts3 = 2.5, pcorr = .014, d = 0.64) but the opioid-
addicted patients did not (tss = 0.6, peorr = .559). The main effect of group was not significant
(Fo83=1.1, p=.329).

Part 1 — Number of correct frames

The difference between the reported number of tartans in blue frames and the actual number of
tartans in blue frames differed significantly between groups (F2s3 = 6.2, p = .003, 7712, =.13), with post-
hoc tests demonstrating that opioid-addicted patients showed a greater discrepancy between
reported and actual frames compared to controls (ts3 = 3.3, pcorr. = .004, d = 0.88) and non-addicted

patients (ts3 = 2.9, pcorr. = .014, d = 0.83).

Part 1 —SCR results

For the analysis of SCR discrimination between conditioned responses to CSaversive aNd CSpeutral, the main
effect of group just failed to meet significance (F224 = 3.0, p = .069). However, planned contrasts
revealed significantly higher stimulus discrimination in the healthy participants compared to the
patient groups (t2s = 2.4, p = .025, d = 1.0), while discrimination did not differ between the patient
groups (t3 =-0.8, p = .441). One-sample t-tests demonstrated that stimulus discrimination was unequal
to zero in the healthy participants (t; = 3.0, p = .020, d = 1.1), but not in either of the patient groups
(opioid-addicted: tio = -0.4, p = .714; non-addicted: ts = -1.4, p = .199), indicating impaired fear
conditioning in patients. Repeated measures ANOVA to test for potential group differences in SCR to
USaversive and USneutral revealed a significant main effect of stimulus (F123 = 11.3, p = .003, r)?, =.33), but
no main effect of group (F2,23 = 2.2, p = .139) or stimulus-by-group interaction (F,23 = 0.5, p = .639).
Post-hoc test revealed a higher SCR to the USaversive cOmpared to the USnheutral across groups (t2s = 3.4,

p =.003, d = 0.88).
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Figure 9. Avoidance accuracy by group and stimulus (a) as well as over trials (b). “a” refers to aversive, “n” to neutral, and “f”
to familiar trials.

Part 2 — Avoidance accuracy

See Figure 9 for overall and stimulus-specific avoidance accuracy. Number of trials without response
did not differ between groups (F283 < .01, p = .993). Repeated measures ANOVA revealed significant
main effects of group (F2,83 = 5.7, p = .005, r]p =.12) and bin (Fs249 = 6.7, p < .001, r)p .07), while the
main effect of stimulus (F2166 = 0.4, peorr. = .672) as well as interactions between group and bin
(Fs,240 = 1.0, p = .440), group and stimulus (Fa,166 = 1.4, pcorr. = .238), and bin and stimulus (Fs49s = 1.7,
p =.110) failed to reach significance. The three-way interaction between group, bin, and stimulus was
also not significant (Fi2,49s = 1.3, p = .206). Planned contrasts showed significantly higher overall

avoidance accuracy for healthy participants compared to patients (tg; = 3.3, p = .001, d = 0.36), while
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avoidance accuracy did not differ between the two patient groups (tss = 0.7, p = .458). Planned
contrasts for the group-by-stimulus interaction indicated a similar difference in avoidance accuracy on

aversive trials compared to neutral trials between the two patient groups (ts3 = 0.5, p = .643).

Exploratory analysis of differences in avoidance accuracy between bins 4 and 1 revealed a significant
group-by-stimulus interaction (Fs 166 = 2.7, p = .031, r)zz, =.06), with post-hoc tests demonstrating higher
accuracy gains for aversive compared to neutral (tss = 3.0, peorr. = .011, d = 0.93) and familiar (ts3 = 2.7,
Peorr. = .016, d = 0.74) trials in the opioid-addicted group (see Figure 10). Additionally, opioid-addicted
patients had lower accuracy gains on familiar trials compared to non-addicted patients (ts3 = -2.5,
Peorr. = .047, d =-0.70). 95% confidence intervals included zero for the following group-stimulus pairings,

indicating no significance difference between avoidance accuracy in bins 4 and 1:
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Figure 10. Gains in avoidance accuracy between early and late learning by group and stimulus. “a” refers to aversive, “n” to
neutral, and “f” to familiar trials.

Opioid use characteristics and risk factors

For the opioid-addicted patients, neither SCR stimulus discrimination, SCR to either US, or avoidance
accuracy on either trial type was significantly associated with current opioid dose, duration of opioid
use, age of opioid use onset, or self-reported obsessive-compulsive drug use (OCDUS score). For the
non-addicted patients, duration of opioid use was significantly and negatively correlated with SCR
discrimination (r =-.81, p =.028), indicating lower stimulus discrimination following longer duration of

use. Follow-up analysis clarified that this was due to the strong positive correlation of opioid use
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duration and SCR to the CSneutral (r = .90, p = .007). However, this finding is based on only 7 participants,

which has to be taken account when interpreting it.

6.4 - Discussion

In this chapter, it was my aim to characterise instrumental aversive learning following chronic opioid
use. Using a two-part aversive learning paradigm including Pavlovian fear conditioning and subsequent
instrumental learning, | compared patients with opioid addiction to patients with chronic opioid use

without addiction as well as healthy participants.

Pavlovian fear conditioning was found to be impaired in patients with chronic opioid use. While healthy
participants expressed higher physiological responses to tartans paired with aversive compared to
neutral stimuli, both patient groups failed to show such stimulus discrimination. These findings match
the results of the previous chapter on fear conditioning, where the same pattern was detected. Also,
similar to the last chapter, physiological responses to the unconditioned stimuli did not differ between
groups, indicating intact initial processing of aversive stimuli. Additionally, groups did not rate the
unpleasantness of the US differently; opioid-addicted patients, however, reported less arousal in
response to the aversive US compared to the other groups. Intriguingly, Chapter 5’s finding of stimulus
discrimination being negatively associated with the duration of opioid use in non-addicted but not in
opioid-addicted patients could be replicated in the present chapter despite a different sub-sample of
patients (only three participants from this group had SCR data for both tasks), the different task
environment (behavioural lab vs. MRI scanner), and the different US utilised (unpleasant
auditory/visual stimulation vs. electrical shock). This further reinforces the relationship between opioid
use and impaired emotional learning in patients treated for chronic pain; nevertheless, from the
present data it is not possible to deduct whether the chronic opioid use did indeed cause the fear

conditioning deficits.

In accordance with my first hypothesis, patients with chronic opioid use showed lower avoidance
accuracy compared to healthy participants, meaning that patients less often selected the tartan likely
to avoid money loss. Opioid-addicted patients did not differ from non-addicted patients in avoidance
accuracy. These findings imply impaired avoidance learning following chronic opioid use as patients
failed to optimally adapt their behaviour to the outcome structure of the task. This could be due to
several reasons. Negative reinforcement, the mechanism underlying avoidance learning, states that an
action is more likely to be selected if it has led to the omission of an undesirable outcome in the past
(Sutton & Barto, 2018). Within this framework, action selection is based on the comparison of the
aversive values of multiple competing options, which are acquired over time. Aversive values of actions

that have repeatedly led to a negative outcome should increase; aversive values of actions that have
70



repeatedly led to avoidance of a negative outcome should decrease. In the instrumental learning
paradigm presented in this chapter, consistently selecting the option associated with a lower aversive
value (i.e. that has less frequently led to money loss) would result in high avoidance accuracy.
Therefore, incorrect or insufficient aversive value updating could cause the reduced avoidance
accuracy in patients. Previous evidence of reduced activation of the ventral striatum during avoidance
learning in patients in OMT supports this line of thinking (Gradin et al., 2014), as this brain region is
critical for value-updating based on avoidance PEs (Eldar et al., 2016; Seymour et al., 2007).
Additionally, fMRI findings from Chapter 5 demonstrate activation of the caudate, a sub-region of the
striatum encoding aversive prediction errors (Delgado et al., 2008), to safe instead of threatening
stimuli during fear conditioning, further demonstrating altered processing of aversive learning signals
following chronic opioid use. According to the two-factor learning theory (Mowrer, 1951), the idea of
performing an action previously paired with an aversive outcome elicits a conditioned fear response
(indicative of a high aversive value), which can be avoided by selecting a different action. Consequently,
if fear conditioning is impaired, patients fail to acquire a sense of which action to avoid, which would
lead to the reduced avoidance accuracy seen in the present data. Alternatively, it is also possible that
patients acquire and update aversive values are correctly, but the action with the lower value is not
necessarily selected due to a larger component of random choice, as is common in patients with
psychiatric disorders (Pike & Robinson, 2022). Comparing behavioural parameters derived from
generative computational models could help to disentangle these processes in patients with chronic
opioid use, with lower learning rates pointing towards impaired value updating and decreased inverse

temperature indicating higher choice randomness compared to healthy participants.

Conditioned avoidance of stimulus-evoked withdrawal has been proposed as a potential mechanism
of relapse following abstinence in opioid addiction (Pantazis et al., 2021). My second hypothesis
concerned whether conditioned avoidance differed between patients with and without opioid
addiction. In the task presented in this chapter, patient groups showed similar avoidance patterns for
tartans conditioned with aversive and neutral stimuli, indicative of no group differences in conditioned
avoidance. A non-significant interaction between group, time bin, and stimulus type further indicated
no stimulus-dependent differential learning between the groups. However, exploratory analysis
revealed that instrumental learning over time, operationalised as gains in avoidance accuracy between
the first and the last quarter of trials, differed between the groups dependent on stimulus type. Opioid-
addicted patients only increased their avoidance accuracy for tartans previously paired with aversive
stimuli but not for either neutrally-paired or familiarised tartans. This demonstrates that the pairing of
the tartans with aversive stimuli during fear conditioning modulated patients’ instrumental avoidance
learning, even though physiological conditioned responses did not differ between aversive and neutral

tartans. Importantly, initial avoidance accuracy was not higher for trials with aversive tartans
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(indicating different aversive values for the tartans following the fear conditioning) but rather patients
only updated aversive values in response to punishment and avoidance outcomes on trials on which
aversively conditioned tartans had to be avoided. In computational accounts of reinforcement
learning, this would correspond to a higher learning rate (i.e. stronger PE-based updating of aversive
values; Sutton & Barto, 2018) on aversive compared to other tartans. Non-addicted patients, on the
other hand, only demonstrated avoidance learning for tartans previously presented but not part of
differential fear conditioning. The finding that opioid-addicted but not non-addicted patients readily
learn to avoid stimuli previously associated with aversive events is in accordance with the idea that
conditioned avoidance plays an important role in the development and maintenance of opioid
addiction (Pantazis et al., 2021), although these findings point toward facilitated conditioned
avoidance learning rather than increased conditioned avoidance per se. A possible explanation for this
finding could be that opioid-addicted patients assigned higher salience to the stimuli paired with the
aversive material and this increased salience was required to enable PE learning (Boehme et al., 2015).
However, future research incorporating hypothesis-driven computational modelling and neuroimaging
is required to further disentangle potentially different mechanisms contributing to impaired

instrumental avoidance learning following chronic opioid use with and without addiction.

In this chapter, aversive instrumental learning was found to be impaired in addicted and non-addicted
patients with chronic opioid use, possibly due to impaired updating of aversive outcome values.
Additionally, the previous finding of impaired fear conditioning despite intact processing of aversive
stimuli per se could be replicated in both patient groups. Exploratory analysis of avoidance learning
deficits revealed different patterns of avoidance learning in the patient groups, most prominently that
opioid addicted but not non-addicted patients showed facilitated avoidance learning on trials where
they had to avoid tartans that were previously paired with aversive pictures and sounds. If replicated
this differential effect in conditioned avoidance learning could contribute to why some patients with

chronic opioid use develop addiction why others do not.
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Chapter 7 - Drug-related and non-drug-related Pavlovian-To-Instrumental Transfer

7.1 - Introduction

Instrumental learning, discussed in the previous chapter, relies on the assumption that the selection
of behaviour results from weighing multiple potential outcomes against each other and selecting the
one associated with the highest value. While humans without doubt possess the capacity for such
rational decision-making, other - not necessarily task-related - processes can introduce motivational
biases into rational decision-making. One such process is Pavlovian-To-Instrumental Transfer (PIT). PIT
describes the capacity of environmental stimuli that have acquired motivational properties by way of
Pavlovian conditioning to affect instrumental behaviour (Holmes et al., 2010). This could entail
increased approach behaviour in environments associated with reward (appetitive PIT) or increased
avoidance behaviour in environments previously paired with aversive events (aversive PIT). PIT is a
highly adaptive mechanism, increasing preparedness to carry out behaviours in known contexts, which
can save cognitive resources and lead to faster and more vigorous approach or avoidance behaviour

(e.g. Garofalo & Robbins, 2017; Huys et al., 2011; Talmi et al., 2008).

However, when the use of psychoactive drugs is concerned, PIT has been suggested to contribute to
the development and maintenance of drug addiction (Everitt & Robbins, 2016). Initial drug use is often
perceived as highly pleasurable (i.e. drug use induces pronounced “liking”) and, through Pavlovian
conditioning, stimuli paired with drug effects (e.g. a person’s local bar, the smell of cigarette smoke)
can elicit a strong desire to repeat use (high “wanting” or incentive salience; Robinson & Berridge,
1993). PIT incorporates incentive salience into instrumental decision-making and biases action
selection towards drug use once these stimuli are re-encountered, even when, based on a “sober”
comparison of outcome values, use might be the less optimal behavioural choice. The process of
incentive sensitisation, i.e. attributing high incentive salience to drug-related stimuli while incentive
salience of not drug-related stimuli decreases, has been suggested to underlie the compulsive nature
of drug use that characterises addiction (Robinson & Berridge, 1993), where drug “liking” and
“wanting” are progressively decoupled and drug use continues despite the (explicit) desire to stop.
Importantly, due to the long-term persistence of Pavlovian associations, incentive sensitisation of
drug-related stimuli promoting drug use via PIT can lead to a sustained vulnerability of craving-induced

relapse, even following prolonged abstinence (Berridge & Robinson, 2016).

In experimental settings, learning paradigms can be utilised to investigate neural (Geurts et al., 2013;
Talmi et al., 2008), pharmacological (Hebart & Glascher, 2015), and clinical (Garbusow et al., 2022)
correlates of appetite and aversive PIT. In these tasks, participants first learn to perform behaviours to

obtain rewards or avoid aversive outcomes (instrumental learning phase). Then, a new set of stimuli is
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repeatedly paired with either the same (specific PIT) or different (general PIT) outcomes as in the first
phase (Pavlovian learning phase). Finally, the instrumental task is reinstated (commonly in extinction)
while the Pavlovian stimuli are simultaneously presented (PIT test phase), e.g. as background images.
The degree to which appetitive or aversively conditioned background stimuli alter instrumental
behaviour in this phase is indicative of PIT magnitude and can be used to compare incentive salience

attributed to the background stimuli.

In the last decade, studies have begun to investigate PIT effects in human drug addiction, primarily
testing the relationship between incentive salience and prospective relapse. For example, in a study
testing recently detoxified patients addicted to alcohol, the extent of PIT-related NAcc activation was
predictive of relapse within the following three months, suggesting that attributing higher incentive
salience to Pavlovian cues could render individuals vulnerable to maintaining drug addiction
(Garbusow et al., 2016). Additionally, prospectively abstaining patients showed stronger reductions in
approach behaviour when alcohol-related (but not neutral) stimuli were presented compared to
relapsing patients, which could mean that alcohol-cue induced approach inhibition serves as a factor

protecting against relapse (Schad et al., 2019).

While no study to date has investigated appetitive or aversive PIT in patients with opioid addiction, a
strong case can be made that PIT also plays a role its development and maintenance. Contrasting the
long-held notion that incentive salience/“wanting” relies primarily on dopaminergic stimulation (Nutt
et al., 2015), acute administration of opioidergic drugs also hyperactivates the NAcc and amplifies
incentive salience (S. Pecifia & Berridge, 2013), which would imply stronger appetitive PIT elicited by
opioid-use related cues. In line with this, pictures of opioid use-related paraphernalia have been
demonstrated to induce craving in patients addicted to opioids (e.g. McHugh et al., 2016),
underscoring the idea of “wanting” elicited by the presentation of drug-related stimuli. Cue-induced
craving is reliably associated with future drug use (Vafaie & Kober, 2022), which could be explained by
appetitive PIT. Additionally, evidence from previous chapters of this thesis demonstrated that
Pavlovian pairing of neutral stimuli with aversive outcomes facilitated instrumental avoidance learning
from these stimuli in opioid-addicted patients (Chapter 6). While the applied task design did not allow
to test for PIT, a similar mechanism could underlie these findings: aversive values acquired by way of
Pavlovian learning could increase the salience of the stimuli, sharpen prediction-error coding, and thus
enable instrumental learning (Boehme et al., 2015). On the other hand, attributing lower incentive
salience to opioid-related cues counteracts the development of incentive sensitisation, with a reduced
motivational bias towards drug use impedes the transition into compulsive opioid use. Therefore,

higher drug-related and lower non-drug-related PIT could increase addiction vulnerability, while lower
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drug-related PIT could protect against escalating opioid use, similar to results observed in patients

addicted to alcohol (Sekutowicz et al., 2019; Sommer et al., 2020b).

Aims and Hypotheses

In this chapter, my aim is to characterise appetitive and aversive PIT on both approach and avoidance
behaviour in patients with chronic opioid use. Specifically, | aim to compare drug-related and non-
drug-related PIT magnitudes between patients with opioid addiction and non-addicted patients. For
this, both patient groups as well as healthy participants completed two separate versions of a novel
PIT paradigm, one of which uses pictures related to the use of prescription opioids or heroin while the

other uses neutral pictures in the Pavlovian conditioning phase of the task.

In line with recent research on drug- and non-drug-related PIT in healthy and addicted samples (for a
review see Garbusow et al., 2022), | expect all groups to show PIT in both task versions. However,
based on the theory that presentation of drug-related stimuli induce disproportionally high and non-
drug-related stimuli induce low incentive salience in patients with addiction (Berridge & Robinson,
2016), | hypothesise that the difference between drug- and non-drug-related appetitive PIT is higher

in addicted compared to non-addicted patients.

7.2. - Methods

Sample

Out of the 86 participants included in the study, 85 completed both task versions. One patient from
the opioid-addicted group aborted the task during the drug condition and reported that they were not
comfortable looking at the presented drug-related stimuli. This patient was subsequently excluded

from analysis.

Behavioural task

Each participant completed two separate versions of this task on their study visit, at least two hours
apart. The versions differed in terms of the conditioned stimuli used in the Pavlovian conditioning
phase (see below). In the non-drug-related task version, pictures of differently coloured textile fabrics
were used for all three groups. In the drug-related task version, pictures concerning opioid use were
used: Opioid-addicted patients were presented with sets of pictures depending on their (preferred)

past route of opioid administration, i.e. either prescription pills, paraphernalia related to smoking
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heroin or intravenous heroin use; non-addicted patients, who were all using opioids orally, were
presented with pictures of prescription pills; and healthy participants, who had never used an opioid
drug, were also presented with pictures of prescription pills. How much participants liked the pictures

IM

was assessed using a VAS from 0 to 100 (“not at all” to “a lot”) prior to the start of the task. Apart from
the conditioned stimuli, the two task versions were identical. Whether participants completed the non-

drug-related or drug-related version first was counterbalanced within groups.

PIT was assessed using a novel task similar in structure to previously published paradigms used to
assess PIT in clinical samples (for a review see Garbusow et al., 2022). The task consisted of three
phases designed to test the transfer of appetite and aversive conditioning on approach and avoidance
behaviour. In the first phase (probabilistic instrumental learning), participants were instructed to
recommend rental bikes to their customers. Making good recommendations was crucial, as they
learned that they would only get payed if customers were satisfied with the recommendation, and lose
money otherwise. Therefore, to make as much money as possible, participants had to learn which
bikes would satisfy customers, and which would lead to customers demanding their money back. On
each trial, participants saw a picture of a bike displayed on the screen for 2 seconds (see Figure 11a).
They could choose to either recommend the bike by touching it on the screen (Go response) or refrain
by not responding (NoGo response). Afterwards, visual feedback was provided for 1.5 seconds: A
picture of a 50ct coin represented monetary gain, while monetary loss was represented by the same
coin but crossed out. Over the course of 60 trials, 6 different bikes were shown 10 times each,
discriminable by characteristics such as colour or equipment. Three bikes were randomly determined
to be “positive bikes”, resulting in monetary reward in 70% and resulting in monetary loss in 30% of
responses, while the others were “negative bikes”, resulting in reward in 30% of responses and
resulting in loss in 70% of responses. After the last trial, participants received feedback over how much
money they earned in total. This part of the task was identical for the drug and the neutral condition,

with different sets of bikes used for the two task versions.

In the second phase (Pavlovian conditioning), 5 pictures were presented to participants (CS; either
neutral or drug-related, see above), each displayed for 4 seconds on the screen in random order. 2
seconds following the onset of the CS, one of five different monetary outcomes was displayed for the
remaining 2 seconds, representing different magnitudes of either monetary reward or loss (US; - €1,
- 50ct, + 0, + 50ct, + €1). Each stimulus-outcome pairing was additionally underscored by a sound
played on headphones varying in pitch (100 Hz, 150 Hz, 250 Hz, 350 Hz, 440 Hz; higher pitch indicating
higher monetary value). After all five CS-US pairings were displayed once, explicit knowledge of the
associations was tested (query trials): Two of the five CS were presented next to each other, with

participants asked to select the CS associated with the higher monetary outcome value by touching it
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onscreen (see Figure 11b). Afterwards, all five pairings were presented again. This procedure was

repeated 18 times.
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Figure 11. Schematic representation of the PIT paradigm applied in this chapter. Rows represent different task phase:
Instrumental learning (a) for approach (left) and avoidance trials (right), Pavlovian conditioning (b), and the PIT test (c), using
either non-drug-related (left) or drug-related (right) stimuli.

In the third phase (PIT test), participants were instructed to carry on with the initial task of
recommending bikes to their customers in order to gain as much money as possible. This phase was
similar to the instrumental learning phase with two important distinctions. First, participants received
no feedback on their Go/NoGo responses (the behaviour occurred in extinction) to prohibit further
instrumental learning. Second, the CS from the Pavlovian conditioning phase (either non-drug- or drug-
related) were displayed in the background of the bikes (see Figure 11c). Each bike was paired with each
CS background 7 times, resulting in 35 trials per bike and 210 trials total, with bike and background

combined in pseudorandomised order. After the last trial had been completed, participants were
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asked to indicate which bike they thought recommending paid off on a VAS from 0 to 100 (“No, it never
paid off” — “Yes, it always paid off”) to assess explicit knowledge about the reward contingencies.
Before and after the task, all patients were asked to indicate how much they would like to use an opioid

IM

drug in this very moment on a VAS from 0 to 100 (“not at all” to “very much”).

Statistical analysis

Behavioural data from the three task phases and the two task versions were first analysed separately.
To test for learning over time in the instrumental learning phase, the 30 approach and 30 avoidance
trials were divided into 6 bins of 5 trials each. The percentage of Go responses on “positive bike” trials
(approach accuracy) and percentage of NoGo response on “negative bike” trials (avoidance accuracy)
were calculated for every participant and every time bin. Group differences in instrumental approach
and avoidance accuracy were tested using a 3x6x2 repeated measures ANOVA with accuracy as
dependent variable, trial type (approach/avoidance) and time bin (1 to 6) as within-subject factors,

and group (healthy participants/opioid-addicted/non-addicted) as between-subjects factor.

For the Pavlovian conditioning phase, the percentage of correct responses on the 18 query trials was
compared between groups using a one-way ANOVA with accuracy as dependent variable and group

(control/opioid-addicted/non-addicted) as independent variable.

For the PIT test phase, only participants with an accuracy > 50% on the Pavlovian query trials for the
respective task version were included into the analyses since PIT can only occur if the CS-US responses
are successfully learned in the Pavlovian conditioning phase (Holmes et al., 2010). Response rates
(percentage of Go responses) on approach and avoidance trials were computed for each of the five
background CS and included into a 3x2x5 repeated measures ANOVA, with response rate as dependent
variable, trial type (approach/avoidance) and background (CS../CS./CS¢/CS./CS.:) as within-subject

factors, and group (healthy participants/opioid-addicted/non-addicted) as between-subjects factor.

Following this, to test whether groups differed in how strongly drug-related and non-drug-related
Pavlovian stimuli asserted influence over instrumental behaviour, | compared the (absolute)
magnitude of appetitive (CS.. - CSo) and aversive (CSo — CS..) PIT on approach and avoidance trials for
both task versions, using a repeated measures ANOVA with PIT magnitude as dependent variable, task
version (drug-related/non-drug-related), PIT type (appetitive/aversive), and trial type (approach/
avoidance) as within-subject factors, and group (healthy participants/opioid-addicted/non-addicted)
as between-subjects factor. For hypothesis testing, | defined planned contrasts for the group-by-task
version interaction, testing for higher drug-related PIT appetitive PIT in the opioid-addicted compared

to the non-addicted patients.
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7.3 - Results

Both patient groups reported similarly low craving pre- and post-task (opioid-addicted pre-task: 15.6
1 24.0; post-task: 11.3 £ 19.3; non-addicted pre-task: 17.6 + 25.2; post-task: 11.1 + 18.9; main effect of
time point: F145 = 3.7, p = .061), demonstrating that the task did not induce substantial craving in
patients. Within the group of opioid-addicted patients, 12 (55%) participants used pictures displaying
intravenous heroin use, 7 (32%) participants used pictures displaying people smoking heroin, and 3
(14%) participants used pictures showing prescription opioid use as conditioned stimuli, with no
differences in craving ratings between the three subgroups (pre-test craving: F,19 = 0.5, p = .611;

post-test craving: F219=0.2, p = .823).

Before the start of the task, all participants rated how much they liked to pictures that were later used
as Pavlovian stimuli. A main effect of group (Fzs2 = 3.2, p = .044, 7722, = .07) demonstrated that,
irrespective of task version, opioid-addicted patients reported lower liking compared to the other two
groups. A significant main effect of task version also showed that participants, irrespective of group,
rated drug-related pictures lower than non-drug-related pictures (F1s, = 19.4, p < .001, 7722, =.19). The

group-by-task interaction was not significant (F1s2 = 1.1, p =.351).

Non-drug-related task version

In the instrumental learning phase, repeated measures ANOVA demonstrated significant main effects
of bin (Fsa0s = 14.1, p < .001, 1 = .15), trial type (Fy81 = 55.0, p < .001, 13 = .40), as well as a significant
bin-by-trial type interaction (Fs 405 = 5.5, Pcorr. < .001, 7722, =.06), but no significant main effect of group
(F281 = 1.8, p = .170), and no interaction of group with trial type (F2s1 = 1.2, p = .308) or bin
(F10,405 = 0.8, p = .602). These results indicate no group differences in approach or avoidance learning
(see Figure 12a). Generally, accuracy was higher on approach compared to avoidance trials, which,
since relative accuracy gains over time did not differ between the trial types, can be explained by a
higher initial accuracy on approach (mean accuracy binl: 60.5%, Clss: 54.4% - 66.6%) compared to
avoidance trials (mean accuracy binl: 43.1%, Clss: 37.3% - 48.9%; ts1 = 3.4, peor. < .001, d = 0.65).
Critically, accuracy during the last trials was significantly higher than the chance level of 50% for both
trial types (mean approach accuracy bin6: 78.3%, Clss: 73.3% - 83.4%; mean avoidance accuracy bin6:

58.3%, Clos: 52.0% - 64.6%), suggesting successful approach and avoidance learning across groups.

In the Pavlovian learning phase, group differences in accuracy ratings on query trials just failed to reach
statistical significance (F2,82 = 2.7, p = .077) and showed a trend towards lower accuracy in both patient
groups compared to healthy participants (see Figure 12b). Accuracy of three participants (all from the

non-addicted group) was below 50%, who were subsequently excluded from the PIT analyses.
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In the PIT test phase, results revealed a significant main effect of trial type (Fi70 = 73.3,
p < .001, r)f, = .48), indicating higher response rates on approach compared to avoidance trials
(t70 = 8.6, peorr. < .001, d = 1.23), and of background (Fa 316 = 17.2, peorr. < .001, nf) =.18), indicating higher
response rates on appetitive background CS compared to neutral background CS (appetitive PIT;
CS.++ vs. CSo: t79 = 3.0, peorr. = .014, d = 0.30) and lower response rates on aversive background CS
compared to neutral background CS (aversive PIT; CSovs. CS.: tzs = 4.0, pcorr. < .001, d = 0.40). The
interaction between group and background did not survive Greenhouse-Geisser correction for the

violated assumption of sphericity (Fs 316 = 2.5, pcorr. = .063; see Figure 13).
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Figure 12. Results of the instrumental (a) and Pavlovian (b) learning phases. Top row refers to the non-drug-related task
version, bottom row to the drug-related version. In the instrumental learning results, solid lines represent accuracy on
approach trials, dashed lines represent accuracy on avoidance trials.

Drug-related task version

Similar to the non-drug-related task version, repeated measures ANOVA of the instrumental learning
phase demonstrated significant main effects of bin (Fs40s = 10.5, pcor. < .001, 7712, = .12), trial type
(Fi81 = 52.7, p < .001, r)f, = .40), as well as a significant bin-by-trial type interaction (Fsa0s = 3.8,
Peorr. = .002, nf) =.04). While the main effect of group was not significant (F2s1 = 2.0, p =.142; see Figure
12a), a significant group-by-bin interaction (Fi0,405 = 2.5, pcorr. = .006, nf) =.06) revealed lower accuracy

in non-addicted patients compared to healthy participants in the fourth bin (trials 16-20; ts; = 2.6,

Peorr. = .036, d = 0.45). As was the case in the non-drug-related task version, initial accuracy (ts; = 2.8,

Peorr. = .006, d = 0.55) as well as accuracy throughout the task (ts1 = 7.3, pcorr. < .001, d = 0.86) was higher
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on approach compared to avoidance trials. Accuracy during the last trials was significantly higher than
chance on approach trials for all three groups (healthy participants: 77.4%, Clss: 68.4 - 86.3%; non-
addicted patients: 79.1%, Clss: 60.9 - 84.1%; opioid-addicted patients: 72.5%, Clss: 69.0 - 89.1%), but
for neither group on avoidance trials (healthy participants: 55.8%, Clos: 45.7 - 76.5%; non-addicted

patients: 40.0%, Clos: 26.6 - 53.4%; opioid-addicted patients: 62.7%, Clos: 49.0 — 76.5%).

In the Pavlovian learning phase, group differed significantly in accuracy ratings on query trials
(F282=7.1,p=.001, 1722, =.15; see Figure 12b). Post-hoc tests revealed lower accuracy in opioid-addicted
patients compared to healthy participants (ts2 = 3.8, pcorr. < .001, d = 0.98). In total, six participants (one
healthy participant, four opioid-addicted patients, and one non-addicted patient) showed choice

accuracy under 50% and were subsequently excluded from the PIT analyses.
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Figure 13. Results of the PIT test phase. Top row refers to the non-drug-related task version, bottom row to the drug-related
version.

In the PIT test, repeated measures ANOVA revealed a significant main effect of trial type (F17¢ = 33.8,
p < .001, 7712, = .31) and of background (Fa30s = 18.8, pcorr. < .001, r)f, =.20), indicating higher response
rates on approach compared to avoidance trials (t76 = 5.8, pcorr. < .001, d = 0.9) as well as higher
response rates on appetitive background CS compared to neutral background CS (CS.+ vs. CSo: t76 = 4.1,
Peorr. < .001, d = 0.4) and lower response rates on aversive background CS compared to neutral
background CS (CSovs. CS..: t76 = 2.5, pcorr. = .047, d = 0.2). The group-by-background interaction was
not significant (Fs 302 = 0.8, pcorr. = .477), indicating comparable PIT effects between patients and healthy

participants (see Figure 13). There was a trend towards a significant group-by-trial type interaction
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(F2,76 = 2.5, pcorr. = .086), suggesting higher response rates on approach compared to avoidance trials in
healthy participants (t7s = 5.6, pcorr. < .001, d = 1.3) and opioid-addicted patients (t7s = 5.6, pcorr. < .001,

d =1.1) but not in non-addicted patients (t7s = 1.7, pcorr. = .103).

Comparisons between drug-related and non-drug-related PIT

To test whether groups differed in how strongly neutral and drug-related Pavlovian stimuli asserted
influence over instrumental behaviour, | compared the (absolute) magnitude of appetitive PIT
(CS.+ - CSo) and aversive PIT (CSo — CS..) effect on approach and avoidance behaviour for both task
versions. Subsequent repeated measures ANOVA revealed a significant main effect of trial type
(F,73=7.1, p=.010, 7712, =.09), with post-hoc tests indicating a slightly stronger PIT effect on approach
compared to avoidance trials across groups (t73 = 2.7, pcorr. = .010, d = 0.05). Furthermore, there was a
trend towards a significant PIT type-by-task version interaction (F1,73 = 3.7, p = .059), suggesting higher
appetitive but lower aversive PIT in the drug compared to the non-drug-related task version. While the
group-by-task version interaction did not reach significance (F2,7s = 2.4, p = .100), more fine grained
planned contrast analysis revealed a significantly higher difference between drug-related and non-
drug-related appetitive PIT on avoidance trials (t73 = 2.0, p=.049, d = 0.7), but did not on approach

trials (t73=1.5, p=.137), in the opioid-addicted compared to the non-addicted patients (see Figure 14).

When asked for explicit contingency knowledge after the end of the task, participants correctly
reported that selecting positive bikes rather than negative bikes resulted in the better outcome
(F1,82=70.9, p <.001, 7722, =.46). A trend towards a significant group-by-stimulus interaction (Fzs2 = 2.9,
p = .063) suggested somewhat higher ratings for the negative bikes in the non-addicted patients

compared to the two other groups. Task version had no influence on the ratings (F1s2 = 0.1, p =.761).
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Figure 14. Differences in PIT magnitudes between the two task versions. Left column refers to appetitive PIT, right column to
aversive PIT; top row refers to PIT effects on approach behaviour, bottom row to PIT effects on avoidance behaviour.

Associations with opioid use characteristics

In the group of opioid-addicted patients, no significant correlations between opioid use characteristics
and behavioural measures were found. However, craving before and after the task was significantly
and positively correlated with current daily opioid dose (pre: r =0.45, p = .034; post: r =0.45, p = .036)
and negatively correlated with duration of opioid use (pre: r =-0.47, p = .029; post: r =-0.51, p =.015).
Additionally, pre-task craving was positively correlated with self-reported obsessive-compulsive drug
use (OCDUS score; r=0.77, p <.001). In the group of non-addicted patients, current daily opioid dose
was negatively associated with the magnitude of the aversive PIT effect on avoidance trials in the non-
drug-related task version (r=-0.53, p = .011). Age of first opioid use was negatively correlated with the
magnitude of the appetitive PIT effect on avoidance trials in the drug-related task version (r = -0.43,

p = .037).

7.4 - Discussion

The aim of this chapter was to characterise drug-related and non-drug-related PIT in patients with
chronic opioid use. Therefore, patients with and without opioid addiction as well as healthy
participants completed two separate versions of a three-phase PIT paradigm, one of which used

opioid-related, the other non-opioid-related pictures as Pavlovian CS.
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As PIT describes an interplay between instrumental action-outcome and Pavlovian stimulus-outcome
associations, adequate acquisition of both is critical (Holmes et al., 2010), which is why it is important
to first validate learning success before discussing the hypothesis testing pertaining to PIT. Firstly,
instrumental learning did not differ between the groups in the non-drug-related task version. All three
groups demonstrated intact reward and avoidance learning, although avoidance accuracy was
significantly lower compared to approach accuracy. This difference was already apparent in early trials,
when participants largely defaulted towards Go responses on both trial types. While learning that Go
responses result in rewards is rather intuitive, avoidance learning from negative feedback to Go
responses is considerably less effective (Guitart-Masip et al., 2011, 2012), likely due to a neural
coupling of valence and vigour linking reward to action and aversion to inhibition. Importantly, in the
last bin of trials, all three groups showed approach and avoidance accuracies above chance level,
demonstrating successful learning across groups. In the drug-related task version a slightly different
pattern emerged. While reward learning was equally successfully in the three groups, participants did
not learn to withhold responses on trials with a high probability of monetary loss, indicated by
avoidance choice accuracies indifferent from chance level. Accuracy was lowest in non-addicted
patients, which agrees with the instrumental avoidance learning deficits in this group reported in the
previous chapter; however, opioid-addicted patients showed similar avoidance learning to healthy
participants, opposing earlier results. While the two task designs differed in some relevant features
which might influence results (active vs. passive avoidance learning; single-lever Go/NoGo design vs.
two-lever forced choice design), the fact that healthy participants also performed at chance level
suggests that the task had too few trials to enable successful avoidance learning (30 trials compared
to 120 trials in the task utilised in Chapter 6), which might cover up potential group differences, similar
to the results in Gradin et al. (2014) discussed previously. The fact that avoidance learning was
successful in the non-drug-related task version but not in the drug-related version is puzzling as
instrumental learning did not differ between the two task versions. However, since average avoidance
accuracy was merely around 5 percentage points higher in the non-drug-related compared to the drug-

related version, this might represent statistical variance rather than being rooted in the task design.

Secondly, for PIT to manifest, participants have to successfully acquire CS-US associations during the
Pavlovian learning phase. This was confirmed by asking participants to select the CS that had been
paired with the higher-outcome US. While the majority of participants learned the correct pairings,
three and six participants respectively had to be excluded from subsequent PIT analysis as their
accuracy on Pavlovian query trials was below 50 percent. This cut-off was selected based on previous
studies comparing PIT in healthy participants and addicted patients (Garbusow et al., 2016); it could
be argued that it is too low to ensure that only patients with robust contingency knowledge are

included into PIT analysis. In the non-drug-related task version, a statistical trend suggested lower
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accuracy in both patient groups compared to healthy participants. This matches the impaired Pavlovian
fear conditioning demonstrated previously in this thesis (see Chapters 5 and 6) and potentially extends
them to include deficits in appetitive Pavlovian conditioning in patients with chronic opioid use. While
endogenous opioids are critical for aversion processing, they also play a key role in reward processing
(Fields & Margolis, 2015), and an altered opioid systems due to chronic use might therefore also impact
the association of monetary gains with previously neutral stimuli. However, as the present task design
does not allow to differentiate between appetitive and aversion Pavlovian conditioning, this is
speculative and has to be formerly investigated in future research. The finding that opioid-addicted
patients showed lower accuracy compared to non-addicted patients in the drug-related task version
provides first evidence of differential processing of drug-related stimuli between the two groups.
Opioid-addicted patients have been reported to show increased physiological and neural responses to
drug-related stimuli (e.g. Back et al., 2014; Dejoie et al., 2024) and such stimuli often induce an
attentional bias in patients (MacLean et al., 2018), which was found to be notably smaller in non-
addicted opioid users (Garland et al., 2013). This could suggest that the presentation of opioid-related
cues distracted addicted patients by moving attention away from the task at hand, which then might
result in lower task accuracy, indicating different affective properties associated with drug-related

images in the two groups.

Despite reduced avoidance learning in non-addicted patients and selective impairments in Pavlovian
conditioning in addicted patients, | found no group difference in PIT in both task versions, with
background stimuli conditioned with money loss reducing and stimuli conditioned with money gain
increasing response rate, in accordance with previous PIT studies (Geurts et al., 2013; Huys et al.,
2011). The magnitude of appetitive and aversive PIT were comparable, which agrees with most
previous studies (Geurts et al., 2013; Talmi et al., 2008; but see Garbusow et al., 2016; Hebart &

Glascher, 2015).

Based on the assumption that addicted patients attribute higher incentive salience to drug-related and
lower salience to non-drug-related stimuli (Robinson & Berridge, 1993), | tested the hypothesis of a
larger difference between drug- and non-drug-related appetitive PIT in addicted compared to non-
addicted patients. The results reported in this chapter are in partial agreement with this hypothesis:
The difference in appetitive PIT magnitude between the drug- and non-drug-related task versions was
higher for opioid-addicted patients compared to non-addicted patients, but only on avoidance and not
on approach trials. This is to say that when value-based decision-making suggests inhibiting Go
responses in conflict with reward-associated Pavlovian background stimuli, drug-related images bias
behaviour more towards responding than non-drug-related images in addicted patients, but not in

non-addicted patients. Following the idea of incentive sensitisation (Robinson & Berridge, 1993), it is
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possible that higher incentive salience attributed to drug-related stimuli potentiates the rewarding
properties of the Pavlovian background stimulus and therefore promotes a Go response in opioid-
addicted patients, potentially due to additive contributions to a mesocorticolimbic reactivity state in
the moment of action selection (Berridge, 2012). This would, however, not explain why a similar effect
was absent on approach trials. Alternatively, since instrumental avoidance learning was less successful
compared to approach learning, it could have been more readily influenced by Pavlovian stimuli, as
animal studies show that shorter instrumental training is predictive of higher PIT magnitudes (Holmes
et al., 2010). In any case, these results demonstrate a key difference between opioid-addicted and
non-addicted patients: drug-related cues that have been paired with positive events in the past can
contribute to override value-based NoGo responses. This provides a valuable model for explaining why
some individuals relapse after re-exposure to drug-related environmental cues while others maintain
abstinence: When faced with the decision to use or abstain, the presence of drug-related
environmental cues biases behaviour towards approach behaviour, even though opioid use results in

negative consequences and should be avoided.

In this chapter, multiple important and novel findings have come to light. While not the primary focus
of this chapter, instrumental reward learning in patients with chronic opioid use was found to be
comparable to healthy controls, in agreement with previous research (Gradin et al., 2014; Myers et al.,
2017). This contrasts findings of impaired instrumental avoidance learning in patients with chronic
opioid use demonstrated in previous chapters, proving that instrumental learning is not per se altered
following chronic opioid use but deficits are specific to learning from aversive information. In addition,
while Pavlovian learning appears to be generally reduced in patients with chronic opioid use, opioid-
addicted patients perform worse than non-addicted patients in pairing monetary outcomes to drug-
related compared to non-drug-related stimuli, which could reflect a difference in attentional
processing of these stimuli. This presents a possible vulnerability to opioid addiction, as a higher
attentional bias towards opioid-related stimuli has been demonstrated to predict a higher likelihood
for relapse in opioid addiction (Marissen et al., 2006) as well as for opioid misuse in chronic pain
patients (Garland & Howard, 2014). Higher attentional bias to drug-related cues has also previously
been linked to higher incentive salience in addicted patients (Vollstadt-Klein et al., 2012), which fits
with the finding of higher appetitive PIT (reflective of high “wanting”) towards drug-related images in
opioid-addicted patients. In accordance with the notion that high incentive salience towards drug-
related stimuli contributes to compulsive drug use (Robinson & Berridge, 1993), motivational
properties that drug-related stimuli acquire through Pavlovian conditioning can elicit increased
approach behaviour even though inhibiting behavioural responses would result in better outcomes.

The fact that opioid-addicted patients showed this effect while non-addicted patients did not suggests
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that this could be mechanism driving the development of addiction and potentially explain why one

group has developed addiction while the other did not.
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Chapter 8 - Avoidance habits in contrast to appetitive habits

8.1 - Introduction

Instrumental avoidance learning, outlined in the previous chapters, is based on acquiring knowledge
about causal action-outcome contingencies and selecting the action associated with the least aversive
outcome. However, comparing behavioural options based on their expected outcome value (i.e. goal-
directed behaviour) requires time and cognitive resources, and can often be unnecessary in routine
settings. Everyday experience teaches us that following extensive repetition of a behaviour,
representation of the associated outcome is no longer required. Instead, behaviour is carried out
automatically when encountering familiar situations (e.g. running on “autopilot” during our morning
commute from home to workplace): The initial goal-directed behaviour is neglected in favour of an
automatic stimulus-response habit (Robbins & Costa, 2017). Adaptive behavioural control requires a
context-dependent balance of habits and goal-directed behaviour: Habits can be executed quickly,
come at low computational costs, and can be safely performed in familiar environments; goal-directed
behaviour is flexibly adjustable to environmental changes, should guide behaviour in novel

environments, and override habitual responding in high-stake situations.

An imbalance between the two can, however, lead to maladaptive behavioural patterns as an
overreliance on habits at the expense of goal-directed behaviour has been proposed to lie at the root
of drug addiction (Everitt & Robbins, 2005, 2016). This theory states that initial drug use is goal-
directed, motivated by its expected rewarding outcome. If drug use repeatedly leads to a reward, the
action-outcome contingency characterising goal-directed behaviour is reinforced, increasing
probability of repeated use in the future. Simultaneously, repeated use results in the progressive
formation of outcome-independent stimulus-response associations (habit learning) and drug use
gradually becomes more and more habitual. Following continued use, negative consequences of drug
use begin to replace the initial rewarding effects, creating a conflict between goal-directed action
(promoting to stop drug use as the associated outcome is now aversive) and outcome-insensitive
habitual behaviour, which, triggered by drug-related environmental cues, continues to promote use.
Depending on the relative strength of learned goal-directed and habitual associations, individuals with
either impaired goal-directed learning or increased habit learning are biased towards automatic,
habitual decision-making increasing the likelihood of stimulus-triggered drug use. When an individual
fails to exert regulatory control over habitual drug use, i.e. override the habitual urge by exerting top-
down control, use becomes compulsive, a central defining characteristic of drug addiction (Everitt &
Robbins, 2016). The habit theory of addiction was based on evidence from experimental rodent
research, where the role of over-training (Belin & Everitt, 2008), pharmacological drug effects

(Dickinson et al., 2002; F. J. Miles et al., 2003) and inter-individual vulnerability (Deroche-Gamonet et
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al., 2004) on habit formation and the gradual transition into compulsive drug use were established.
More recently, translation of experiments into human research has allowed to test the balance
between goal-directed and habitual behaviour in patients with drug addiction, manipulating different
aspects of goal-directedness (De Wit & Dickinson, 2009). According to Heyes & Dickinson (1990), a
behaviour can be considered goal-directed when it is performed because it is believed to result in a
desirable outcome. Is either the desire criterion or the belief criterion not met (i.e. the goal is
undesirable or the behaviour is not believed to cause the outcome), there is no goal-directed reason

to carry out the behaviour. If carried out regardless, the behaviour can be considered a habit.

Outcome devaluation, one validated paradigm to test the balance between goal-directed and habitual
behaviour, manipulates the desirability of the outcome: After a prolonged training in which
participants learn that responding to certain stimuli leads to an outcome associated with reward, they
are informed that some outcomes are now dissociated from reward (devalued) while others remain
linked to obtaining a reward (valued). Stopping responses to the stimulus associated with the devalued
outcome indicates goal-directed behaviour, while continued responding violates the desire criterion
and indicates outcome-insensitive habitual behaviour (De Wit et al., 2009). In such a task, patients
addicted to cocaine failed to reduce responding to the stimulus associated with the devalued outcome
(Ersche et al., 2016), demonstrating a bias towards habitual behaviour. Notably, this behavioural effect
could have several causes: In addicted patients, goal-directed learning could be impaired (resulting in
weaker action-outcome associations), habit learning could be potentiated (resulting in stronger
stimulus-response associations) or regulatory control over behaviour arbitrating between the two
could be insufficient (Vandaele & Janak, 2018). Neuroimaging can help to differentiate between the
mechanisms, as distinct neural networks have been identified as neural substrates of goal-directed
(caudate, anterior putamen, vmPFC; De Wit et al., 2009, 2012a) and habit learning (posterior putamen,
pre-motor cortex; De Wit et al.,, 2012a; Dolan & Dayan, 2013). Intriguingly, one study tested
behavioural responses to outcome devaluation in patients addicted to alcohol using fMRI (Sjoerds et
al., 2013). Here, a higher reliance on stimulus-response habits in patients was complemented by higher
activity in the posterior putamen, indicating increased habits rather than decreased goal-directedness

to underlie the behavioural effect.

Contingency degradation is another experimental approach to test the balance between goal-directed
and habitual behaviour. Here, the belief criterion of goal-directedness is targeted: After participants
had learned that responding to a stimulus caused a rewarding outcome, non-responding progressively
also delivered the reward, uncoupling responses from reward, and rendering the outcome action-
independent (Vaghi et al., 2019). In this task, patients addicted to cocaine reduced responding to a

significantly lower degree compared to healthy participants after the action-outcome associations had
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been degraded (Ersche et al., 2021). Interestingly, patients still believed that responding caused the
reward, suggesting that behaviour turned more habitual because of a lack of awareness concerning
the updated action-outcome contingencies. Furthermore, the degree to which patients adapted their
behaviour in response to altered contingencies was negatively associated with the duration of cocaine

use, underscoring the notion of a progressive shift into from goal-directed into habitual drug use.

The use of opioids, in contrast to other psychoactive drugs such as cocaine (Badiani et al., 2011), is not
driven by the desire to obtain a reward but rather motivated by avoiding aversive states (Koob, 2020).
Therefore, the development of opioid addiction can be conceptualised as escalating avoidance
behaviour, initially goal-directed and then gradually shifting into habitual avoidance, which can lead to
compulsive use if regulatory control over avoidance behaviour is insufficient. The distinction between
appetitive (i.e. reward-based) and avoidance habits is crucial: In their aforementioned study, Ersche et
al. (2016) found increased reliance on appetitive habits in patients addicted to cocaine but observed
no such tendencies when testing avoidance habits, demonstrating valence-specific habit formation in
this patient group. The authors suggested that, given the importance of avoiding withdrawal, patients
addicted to opioids might show an opposite pattern. While the centrality of negative reinforcement
for the development and maintenance of opioid addiction has been stressed repeatedly (Koob, 2020;
Pantazis et al., 2021), avoidance habits have not been investigated to date. Comparing avoidance
habits in patients addicted to opioids to patients who also use opioids but never developed addiction
could be particularly fruitful, potentially shedding light on why some chronic opioid users transition

from goal-directed use into addiction while others do not.

To summarise, gradually shifting from goal-directed to habitual behaviour is an adaptive process,
saving time and cognitive resources. However, the ability to exert goal-directed control over habits in
high-stakes situations is critical. Compulsive drug use, a hallmark criterion for drug addiction, has been
proposed to be caused by an over-reliance on stimulus-response habits that are detached from an
individual’s goals and cannot by inhibited despite adverse consequences. Given the role of avoidance
in opioid use, increased habitual avoidance could underlie the development of opioid addiction, in
which case it would be observable in opioid-addicted patients but not in chronic users that never

developed opioid addiction.

Aims & Hypotheses

In this chapter, | aim to investigate goal-directed and habitual avoidance behaviour in opioid-addicted
and non-addicted patients. To detect a potential imbalance between the two systems, | will apply two

separate behavioural paradigms, outcome devaluation and contingency degradation, targeted at the
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desire and the belief criteria of goal-directed behaviour. To test the specificity of the proposed over-
reliance of habits to the domain of negative reinforcement (avoidance habits), | will also apply an
appetitive version of the contingency degradation paradigm. Additionally, | will use fMRI during the
outcome devaluation task to further disentangle potential contributors to increased habitual

avoidance, testing activation patterns in the neural substrates of goal-directed and habitual behaviour.

| hypothesise an increased tendency towards habitual avoidance in patients addicted to opioids
compared to non-addicted patients and healthy participants. This is indicated by a higher avoidance
response rate to the stimulus associated with the devalued outcome following overtraining as well as
a higher avoidance response rate following contingency degradation. Comparing neural activation in
brain regions linked to goal-directed and habitual behaviour can help to further disentangle the
interplay between the two behavioural systems. Moreover, | hypothesise that this increased reliance
on habits is specific to the aversive domain, indicated by no group differences in behaviour following

contingency degradation in a separate, appetitive task version.

8.2 - Methods

Sample

Data from all 86 study participants is included in this chapter. For the first task (avoidance learning and
outcome devaluation), data from one non-addicted patient was discarded because a Wasp electrode
lost contact to their wrist during the task. Furthermore, SCR data from 12 participants was excluded
due to noisy recordings (5 healthy participants, 2 opioid-addicted patients, 5 non-addicted patients);
their behavioural and fMRI data was included. The first 7 participants included in the study (all from
the control group) were scanned using sub-optimal fMRI parameters, which were later adapted,
leading to the exclusion of these participants from neuroimaging analysis; behavioural and SCR data
were included. Only 72 (30 healthy participants, 20 opioid-addicted patients, 22 non-addicted patients;
84% of the total sample) participants completed the second task (aversive contingency degradation)
because it was added late to the study protocol. Additionally, one patient from the opioid-addicted
group aborted the task because she experienced the aversive stimulus as unbearable. All 86

participants completed the third task (appetitive contingency degradation).
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Task 1 — Avoidance learning and outcome devaluation

Participants completed this task, developed by Gillan et al. (2014, 2015), inside the MRI (see Chapter
3), where they placed their feet in a foot switch, enabling them to navigate the task by tapping their
feet against a plastic plate. They were informed that aversive electric shocks could be delivered to
either their left or right wrist and their aim was to avoid the shocks. Before the start of the task, shock
intensity was individually calibrated (see Chapter 3) and three fractal images were introduced, serving
as visual cues which informed participants about action-outcome contingencies. One fractal was paired
with a shock to the left wrist, another one with a shock to the right wrist, and a third one without
shock, which could be avoided by pressing the corresponding pedal on the foot switch (see Figure 15).
In the first part of the task (training phase), participants learned to avoid electrical shocks (instructed
instrumental avoidance learning): On each trial, a fractal was displayed, serving either as a warning
signal (announcing that a shock was imminent unless the correct pedal was pressed) or as a safety
signal (announcing that no response was required). If participants pressed the wrong pedal, pressed
both pedals or pressed late, a shock was delivered to the respective wrist. How much time participants
had to respond was individually calibrated before the start of the task (see below). Training consisted
of four blocks, each containing 30 trials in pseudorandomised order, which included 20 warning signals
(10 left, 10 right) and 10 safety signals, which were interspersed by a white-on-black fixation cross
presented for 8 s. After training was completed, one of the shock electrodes (left or right, randomly
determined) was physically disconnected from the wrist and participants were informed that they
could not receive shocks on this wrist anymore (outcome devaluation), while nothing else had changed
and the task remained to avoid shocks. To emphasise the devaluation of shocks to one wrist, shocks
were delivered to both electrodes and participants confirmed that they had only experienced a shock
on the valued wrist. The ensuing devaluation test consisted of 30 trials (10 presentations of the fractal
associated with the valued outcome, 10 of the fractal associated with the devalued outcome, 10 safe)
in pseudorandomised order. Importantly, the devaluation test was conducted in extinction (no shock

in the case of late or wrong responses), so no further instrumental learning could occur.

Before every block of the training phase as well as before and after the devaluation test, participants
were asked to rate the shock expectancy associated with each of the three fractals separately on a VAS
from 0 to 100 (“not at all” to “very likely”). Key behavioural outcome measures was the rate of correct
avoidance responses during the training phase as well as the number of responses to the fractals
associated with the valued and devalued outcomes during the devaluation test. To ensure task
comprehension, two practice sessions were implemented before the actual task started. The first was
conducted outside of the MRI scanner. Participants sat in front of a computer screen and completed a

task resembling the actual task described above with the distinction that the inter-trial-interval was

92



reduced to 3 s, different visual cues were used, and participants had to push arrow keys instead of the
foot pedals. A yellow flash appeared on the screen every time the participants committed a mistake
that indicated a shock. During the practice session, all participants initially had 750 ms to respond
following the onset of the visual cue. After completion of 30 trials (10 left, 10 right, 10 safe), avoidance
accuracy was computed (number of correct responses divided by the number of trials). If accuracy was
higher or equal to 80%, practice was considered successful and participants entered the MRI scanner;
if not, practice blocks were repeated until participants had successfully completed a block with the
minimum accuracy. Each time the practice block was repeated, time to respond increased by 100 ms.
To familiarise participants with the foot switch, another block of practice followed inside the MRI.
Different fractal images were introduced and a shock was indicated by a yellow flash. Time to respond
for this practice was set as the time used to successfully complete the practice outside of the scanner,
and the actual task started as soon as participants had a practice response accuracy of at least 80%,
again increasing time to respond by 100 ms every time a participant had lower than this accuracy. The

final time to respond used when successfully completing the second practice session was used for the

actual task.
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Figure 15. Schematic representation of the avoidance learning and outcome devaluation task. Displayed are action-outcome
contingencies from the training (a) and test (b) phase.
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Task 2 - Aversive contingency degradation

In this novel task adapted from a previously published appetitive habit task (Ersche et al., 2021),
participants were placed in a computerised scenario where they had taken on a job in a nursery,
entrusted with taking care of a group of young children. On each trial, participants were presented
with the picture of an empty crib while the sound of crying babies was played on headphones (see
Figure 16a). Participants were instructed that they could respond to the crib by pressing the space bar,
through which they could avoid the crying in some instances, but not in others, while it was also

possible to avoid the crying without responding. If the crying was avoided, a picture of a baby smiling

93



happily appeared inside the crib; otherwise a discontented baby appeared while the crying noise
continued. On each trial, the crib was displayed for 1 s, during which a response was possible; feedback
(baby picture plus either silence or continued crying) was presented for 2 s. Adding a social evaluation
element to the task, participants were instructed that their new colleagues at the nursery would
monitor their performance closely and reward them with social media “likes” when the babies were
calm and punish them with “dislikes” when the babies were crying. Participants’ scores of likes and
dislikes were displayed separately on the screen at all times during the task and were continuously
updated depending on task performance albeit in a biased fashion aimed at increasing motivation to
avoid, with one like added every 200 ms of silence and one dislike added every 140 ms of crying.
Participants were instructed that the goal of the task was to minimise the crying, thereby gaining their

colleagues respect and successfully completing their probationary period.
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Figure 16. Schematic representation of the aversive (a) and appetite (b) contingency degradation task. Both tasks were
completed separately at least three hours apart.

Importantly, while the probability that a button press resulted in avoiding the crying remained fixed at
60% during the course of the task, avoidance probability without response varied throughout the 8
task (100 trials each; see Table 5). During blocks 1, 2 and 3, absence of a response never resulted in
avoidance (non-degraded condition). During block 4, non-responding resulted in a 30% chance to avoid
the crying (partial degradation condition). During block 5, non-responding resulted in a 60% avoidance
probability, matching the avoidance probability for responses and thus rendering the avoidance
probability independent from behaviour (full degradation condition). All conditions were repeated in
blocks 6 through 8. After the completion of each block, participants were asked to rate their belief that
button presses resulted in avoidance (causality judgements) on a VAS from 0 (“entirely unlikely”) to

100 percent (“very likely”). After the task had finished, they also rated how unpleasant they found the
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crying, on a VAS from 0 (“not particularly unpleasant”) to 100 (“extremely unpleasant”). The primary
outcome measure was the mean response percentage in non-degraded, partially degraded or fully

degraded blocks as well as the causality judgements following each block.

Table 5. Action-outcome contingencies for appetite and avoidance contingency degradation tasks.

Task 2 - Avoidance probability Task 3 - Reward probability

Block Condition Response No response Response No response
1to3 no degradation 60% 0% 60% 0%

4 partial degradation 60% 30% 60% 30%

5 full degradation 60% 60% 60% 60%

6 no degradation 60% 0% 60% 0%

7 partial degradation 60% 30% 60% 30%

8 full degradation 60% 60% 60% 60%

Task 3 - Appetitive contingency degradation

Behavioural adaptions to degradation of appetitive contingencies were assessed using a task
previously utilised to investigate habitual responding in clinical samples (Ersche et al., 2021; Vaghi et
al., 2019). Participants were instructed to respond to the picture of an empty vase by pressing the
space bar (see Figure 16b), resulting in a bouquet of flowers as well as in monetary reward in some but
not all cases, while it would also be possible to obtain a reward without responding. On each trial,
responding was possible for 1 s; visual feedback (bouquet plus potentially image of a 50 ct coin) was
presented for 500 ms. The total amount earned in the current block was presented on screen and
increased by 50 ct every time a reward was obtained. Participants were instructed to earn as much

money as possible.

Similarly to the aversive task version introduced above, the reward probability following a response
was 60% during the entire task, while the reward probability without response varied throughout the
8 task blocks (120 trials each; see Table 5). After the completion of each block, participants indicated
their belief that responding resulted in reward on a VAS from 0 (“entirely unlikely”) to 100 (“very
likely”). Identically to the aversive task version, primary outcome measures were the mean response
percentages in non-degraded, partially degraded or fully degraded blocks as well as the causality
judgments following each block. To exclude the possibility that differences in motivational value
assigned to winning small monetary rewards affect the results, we asked participants beforehand to
select how often they would pick up a 50 ct coin if they found it lying on the street on a VAS from 0

(“never”) to 100 (“always”).
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Behavioural analysis
Task 1 — Avoidance learning and outcome devaluation

For the training phase, avoidance accuracy was calculated for every block, representing the percentage
of correct responses to warning and safe stimuli. Group differences in avoidance accuracy were tested
using a 3x4 repeated measures ANOVA with avoidance accuracy as dependent variable, block (1/2/3/4)
as within-subjects factor, and group (control/non-addicted/addicted) as between-subjects factor.
Planned contrasts compared healthy participants against patients (group contrast weights: 1 -.5-.5) as
well as the patient groups against each other (group contrast weights: 0 -1 1). For the test phase,
response rate was computed separately for the stimulus associated with the valued and devalued
outcome and compared using a 3x2 repeated measures ANOVA with response rate as dependent
variable, stimulus (valued/devalued) as within-subjects factor, and group (control/non-
addicted/addicted) as between-subjects factor. Planned contrast were defined for the group-by-
stimulus interaction as differences in response rates between the stimulus associated with the valued
and devalued outcome in the two patient groups (interaction contrast weights: 001 -1 -1 1) as well as

between patients and healthy participants (interaction contrast weights: 1-1-.5.5-.5.5).

Task 2 - Aversive contingency degradation

Avoidance response rates were averaged for each of the three conditions. Group differences were
tested using a 3x3 repeated measures ANOVA with response rate as dependent variable, condition
(non-degraded/partially degraded/fully degraded) as within-subject factor, and group (control/non-
addicted/addicted) as between-subject factor. Planned contrasts compared 1) healthy participants and
patients regarding the difference in response rates during non-degraded and fully degraded blocks
(interaction contrast weights: .50-.5-.250.25-.25 0.25) as well as 2) the two patient groups against
each other (interaction contrast weights: 0 0 0 .5 0 -.5 -.5 0 .5). Causality judgement for the three
conditions were analysed in the same manner but without planned comparisons as no a priori
hypotheses were specified. A one-way ANOVA was used to test for group differences in the

unpleasantness rating.

Task 3 - Appetitive contingency degradation

In similar fashion, group differences in reward response rates were tested using a 3x3 repeated
measures ANOVA with response rate as dependent variable, condition (non-degraded/partially

degraded/fully degraded) as within-subject factor, and group (control/non-addicted/addicted) as
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between-subject factor. Identical to the aversive task version, planned contrasts compared 1) healthy
participants with patients and 2) the two patient groups with each other. Causality judgement for the
three conditions were analysed in the same manner. A one-way ANOVA was used to test for group

differences in how often they would pick up a 50 ct coin.

Physiological recording, pre-processing and analysis

During the course of this task, EDA was recorded and subsequently processed according to Chapter 3.
Response window was defined between 500 ms and 4 s following stimulus onset. SCR were analysed
separately for the training and the test phase: for the training phase, SCR were averaged by block
(block 1 to block 4) and stimulus (warning/safe), for the devaluation test, SCR was averaged by stimulus
(valued/devalued/safe). All SCR data reported in this chapter were standardised and normalised (i.e.
z-scored and log-transformed). Group differences in physiological responses to the fractal during
training were tested using a 3x2x4 repeated measures ANOVA, with SCR as dependent variable, block
(1 to 4) and stimulus (warning/safe) as within-subject factor, and group (control/non-
addicted/addicted) as between-subject factor. SCR group differences during the devaluation test were
tested using 3x3 repeated measures ANOVA, with SCR as dependent variable, stimulus
(valued/devalued/safe) as within-subject factor and group (control/non-addicted/addicted) as

between-subject factor.

Neuroimaging acquisition, pre-processing, and analysis

For fMRI data acquisition and pre-processing see Chapter 3. Data from the training and test phases
were analysed separately. For the training bocks, first level analysis was conducted using individual
general linear models for each participant with one regressor for the warning and safe stimulus during
every block of the task (8 regressors in total). Stick functions at stimulus onset were convolved with a
canonical hemodynamic response function. Additionally, movement parameters with their first and
second derivatives were included as nuisance regressors to control for head motion. To restrict analysis
to grey matter voxels, two additional nuisance regressors were added including white matter and CSF
segmentation maps estimated during pre-processing. For each participant individually, regressor
weights were estimated using the pre-processed 4D-images. Beta images of the 8 regressors of interest
were then warped into MNI space and smoothed using a 6 mm FWHM Gaussian kernel. For second
level analysis, a flexible factorial design was set up, including one regressor for each of the participants
(subject factor), one for each of the groups (group factor), and one for each condition (e.g.

“Block1_warning”), as well as a total of 24 regressors for the group-by-condition interaction. Statistical
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parametric maps for each of the 84 regressors were estimated and analysed using a priori specified
ROI analyses, which were conducted by applying small-volume corrections in regions associated with
habitual (putamen, preSMA) and goal-directed (caudate, vmPFC/OFC) behaviour smoothed using brain
masks included in the WFU PickAtlas Toolbox (version 3.0.5). T-contrasts for flexible factorial designs
were specified to test for interaction effects between groups and conditions (Glascher & Gitelman,
2008). Contrasts were specified to test for group-by-stimulus interactions in the training phase
(warning > safe across blocks for either controls > patients or opioid-addicted patients > non-addicted
patients) and in the test phase (valued > safe’ for either controls > patients or opioid-addicted patients
> non-addicted patients), respectively. Results were corrected based on family-wise error rates with

a-levels set to .05.

8.3 - Results

Task 1 - Avoidance learning and outcome devaluation

Behavioural results

Individually calibrated shock intensities were comparable between the groups (Fasa = 1.7,
p =.195). The number of practice blocks required before the start of the task differed between groups
()(§ =26.2, p<.001), resulting in a higher average time to respond in opioid-addicted and non-addicted

patients compared to healthy participants (F,s3 = 9.4, p <.001, r]zz, =.26).

For the avoidance training, repeated measures ANOVA revealed main effects of group (F.s3 = 3.4,
p =.040, 7712, =.12) and block (Fs,159 = 9.6, pcorr. < .001, 7712, =.15) as well as a significant group-by-block
interaction (Fs 159 = 2.3, Peorr. = .043, r)?, = .08). Planned contrasts for the group effect showed that
healthy participants avoided more accurately compared to the patients (ts3 = 2.3, p = .025,
d =0.52), while avoidance accuracy did not differ between the two patient groups (ts3 =-0.6, p = .572;
see Figure 17a). Post-hoc tests on the significant interaction effect demonstrated improvements in
avoidance accuracy between blocks 1 and 2 for the healthy participants (+ 8.7%; ts3 = 4.6, pcor. < .001,
d = 0.85) and the opioid-addicted patients (+ 11.4%; ts3 = 2.7, pcorr. = .049, d = 1.12), but not for the
non-addicted patients (-0.4%,; ts3 = -0.2, pcorr. = 1). Analyses of shock expectancy ratings indicated no
differences between the groups (three-way interaction between group, block, and stimulus:
F20,530 = 0.6, peorr. = .935), demonstrating that all groups were equally successful discriminating between

warning and safety signals.

7 In line with the original article describing fMRI analysis of this task (Gillan et al., 2015), this contrast was selected to investigate the neural
signature of habits without potential confounds associated with the devalued stimulus, such as an urge to respond or attempts to supress
responding. Selecting this contrast assumes that if avoidance responding has become habitual for the devalued stimulus, responding to the
valued stimulus has also become habitual.
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For the devaluation test, mean difference in response rates between the stimulus associated with the
valued minus devalued stimulus was nominally lower in opioid-addicted patients (11.4% + 15.7)
compared to non-addicted patients (30.7% * 42.3) or healthy participants (44.3% + 44.1). However,
repeated measures ANOVA indicated a non-significant interaction effect for group-by-stimulus
(F253 = 2.0, p = .140), indicating comparable behavioural responses to the outcome devaluation
between groups (see Figure 17b). Planned contrasts revealed no significant differences between the
between two patient groups in response rates to the stimuli (ts3 = 1.0, p =.319), while patients showed
a trend towards a smaller differences in response rate to the stimuli compared to healthy participants
(tss = 2.0, p = .056). Groups did not differ in their shock expectancy ratings before or after the
devaluation test, indicated by a non-significant three-way interaction between group, time point, and

stimulus (Fa,106 = 1.3, Pcorr. = .277).
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Figure 17. Accuracy during the avoidance training (a) and response rates to the stimuli associated with the valued or devalued
outcome in the test phase (b)

Physiological results

Repeated measures ANOVA revealed no group differences for SCR towards warning and safety signals
during training (group-by-stimulus interaction: F,41 = 1.9, p = .164). A significant block-by-stimulus
interaction (Fs,123=8.6, p<.001, 1722, =.18) indicated higher SCR to the warning compared to safe stimuli
only in the first block of avoidance training, irrespective of group (group-by-block-by-stimulus
interaction: Fs 123 = 0.8, p =.559). During the test phase, SCR towards the different stimuli did not differ

between groups (group-by-stimulus interaction: Fas0 = 0.9, pcorr. = .451).
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Neuroimaging results

ROl analysis for the training phase at prwe < .05 revealed no significant clusters when comparing healthy
participants to patients in the Warning > Safe contrast. At puncorr. < .001, ROI analysis showed
significantly higher activation in healthy participants in the right vmPFC (xyz = 6 44 -10, T = 4.8,
Puncorr. < .001), right mOFC (xyz = 2 26 -15, T = 4.0, Puncorr. < .001), left mOFC (xyz = -4 50 -15, T = 3.3,
Puncorr. < .001), right anterior putamen (xyz = 21 10 -9, T = 3.5, puncorr. < .001), as well as two separate
clusters in the left preSMA (xyz =-8 -3 52, T = 3.9, puncorr. < .001; xyz =-2 15 57, T = 3.6, puncorr. < .001).
Patients showed higher activation in the right posterior putamen (xyz =28 -10 4, T = 3.3, puncorr. = .001;
see Figure 18). Exploratory whole-brain analyses conducted at prwe < .05 revealed higher activation in
the left dIPFC in patients compared to healthy participants (xyz =-38 22 26, T= 5.5, prwe = .009). When
comparing opioid-addicted to non-addicted patients using the same contrast, ROl analysis revealed
significantly higher activation in the left caudate in opioid-addicted patients (xyz = -16 -8 20, T =5.1,
prwe = .002). Exploratory whole-brain analyses identified higher activation in a cerebellar cluster in
opioid-addicted patients (xyz = -28 -54 -58, T = 5.7, prwe = .001). Non-addicted patients did not show
higher activation in any of the defined brain regions at prwe < .05; they did, however, show stronger
activation in the right preSMA compared to addicted patients at puncorr. < .001 (xyz = 12 3 57, T = 3.9,
Puncorr. < .001).
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Figure 18. Significant clusters in pre-defined ROIs for the Warning > Safe contrast during the training phase. Clusters are
presented at puncorr. < .001. Yellow denotes higher activations for healthy participants, cyan denotes higher activations for
the patient groups. Magenta denotes higher activation for opioid-addicted patients compared to non-addicted patients.

For the devaluation test, comparing healthy participants to patients using the Valued > Safe contrast,
ROl analyses revealed no clusters significant at FWE < .05. At puncorr < .001, healthy participants showed

a significantly higher activation in the left preSMA (xyz = -4 20 62, T = 3.3, Puncorr = .001) and in the left
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anterior putamen (xyz = -22 12 -10, T = 3.2, puncorr = .001). When comparing opioid-addicted to non-
addicted patients, ROl analyses also revealed no clusters significant at either FWE < .05 or at

Puncorr. < .001.

Task 2 - Aversive contingency degradation

Groups differed in how unpleasant they rated the aversive stimulus (F26 = 3.8, p =.028, r)f, =.10), with
post-hoc tests showing that opioid-addicted patients rated the unpleasantness of the crying babies
higher than healthy participants (teo=-2.7, pcorr = .024, d = -0.80). Repeated measures ANOVA revealed
no group differences in response rates to the different conditions as all three groups reduced their
response rates following changes in outcome contingencies (main effect of condition: Fy13s = 48.1,
Peorr. < .001, nf) =.41; group-by-condition interaction: Fs133 = 1.2, pcorr. = .297; see Figure 19a). Planned
contrasts confirmed no group effects for the difference between non-degraded and fully degraded
blocks when comparing healthy participants to patients (tes= 0.7, p = .473) or when comparing opioid-
addicted to non-addicted patients (tes = -1.5, p = .141). Including the unpleasantness rating as a
covariate did not affect the results. Analysis of causality ratings following the blocks showed similarly
lower ratings for the partial and full degradation compared to the non-degraded condition across all
three groups (main effect of condition: Fy13s = 13.6, peorr. < .001, nf) = .16; group-by-condition

interaction: Fa135 = 1.4, peorr. = .244; see Figure 19b).
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Figure 19. Response rates (a) and causality judgement ratings (b) for the aversive contingency degradation task
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Task 3 - Appetitive contingency degradation

Groups did not differ in their self-reported motivation to pick up a 50ct coin from the street (Fs3 = 2.2,
p = .120). Similar to the aversive task version, there was no main effect of group (Fas = 1.1,
p = .334) and no group-by-condition interaction (F2,164 = 0.6, pcorr. = 0.649) as all groups adapted their
response rates following contingency degradation, indicated by a main effect of condition (F2,163 = 38.7,
Peorr < .001, r)f, = .32; see Figure 20a). Response rates were lower following partial degradation
compared to the non-degraded blocks (ts,= 3.5, p < .001, d = 0.34) and lower following full degradation
compared to partial degradation (ts; = 6.6, p < .001, d = 0.48). Planned contrasts on the group-by-
condition interaction demonstrated similar differences between non-degraded and fully degraded
blocks when comparing healthy participants to patients (tsx= 0.7, p = .494) or when comparing the two
patient groups (ts2 = 0.4, p = .707). Results did not change when including motivation for monetary
rewards as a covariate. A significant interaction effect between group and condition indicated
differences in self-reported causality judgments between the groups (Fs 163 = 3.5, peorr = .009, 1722, =.08).
Post-hoc tests revealed that healthy participants rated causality on fully degraded blocks significantly

lower compared to non-addicted patients (ts2=-1.8, p = .043, d = -0.79; see Figure 20b).

[[] control
. non-addicted
a b
. opioid-addicted
100 1 100
80 f Ssot .
t—d w
= 7
w -
il )
Py N I
6ot < 60
b 5
£ €
] o
© E
= (7}
$ a0 T 40
3
g =
a Z
3 -
o ©
® 5
20 + 3 20 F
0 0 — —
non-degraded partially degraded fully degraded non-degraded partially degraded fully degraded

Figure 20. Response rates (a) and causality judgement ratings (b) for the appetitive contingency degradation task

Associations with opioid use characteristics

Task 1: For the non-addicted patients, age of first opioid use was negatively associated with the
individually calibrated shock intensity (r = -.60, p = .019). For the opioid-addicted patients, age of first

opioid use was differentially correlated with activation in the aforementioned caudate cluster during
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training, with younger age of onset related to lower discrimination between warning and safe stimuli

in the first block (r = .77, p = .043) and higher discrimination in the second block (r =-.82, p =.250).

Task 2: For the non-addicted patients, daily opioid dose was negatively associated with the avoidance
response rate in the non-degraded blocks (r = -.44, p = .039), while age of first opioid use was positively
associated with response rate in the fully-degraded condition (r = .43, p = .043). No behavioural

measures were significantly correlated with opioid-use characteristics in opioid-addicted patients.

Task 3: For the non-addicted patients, duration of opioid use was negatively correlated with reward
response rates in the partially and fully degraded blocks (both r = -.43, p = .034). Again, no significant

correlations emerged for opioid-addicted patients.

8.4 - Discussion
In this chapter, | characterised habitual avoidance following chronic opioid use. For this, | employed
two different experimental paradigms, in which changes in either outcome value (task 1) or action-

outcome relationship (task 2) introduced conflicts between goal-directed and habitual avoidance.

Contrary to my first hypothesis, | did not find convincing evidence for an increased tendency towards
avoidance habits in opioid-addicted compared to non-addicted patients. In the first of the two tasks,
participants learned to avoid electrical shocks delivered to either wrist until one of the shock
electrodes was disconnected. Opioid-addicted patients did not significantly differ from non-addicted
patients in that they reduced their response rate towards the stimulus associated with avoiding the
shock from the disconnected electrode, indicating of goal-directed behaviour. However, when
compared to healthy participants, patients irrespective of addiction status showed a trend towards a
lower reduction in response rates following outcome devaluation, which might suggest an increased
reliance on outcome-insensitive habits. This is underscored by lower neural activation of the anterior
putamen compared to healthy participants during the devaluation test, a brain area associated with
goal-directed behaviour (De Wit, Watson, et al., 2012). Furthermore, during avoidance acquisition
patients showed decreased avoidance accuracy compared to healthy participants, accompanied by
lower activations of the anterior putamen and vmPFC, the connectivity between which is thought to
underlie action selection based on outcome values and significantly predicts successful goal-directed
behaviour (De Wit, Watson, et al., 2012). Instead, patients showed hyperactivation of the posterior
putamen during the training phase, the brain region most widely associated with habits (Tricomi et al.,
2009). While these results suggest a bias towards avoidance habits in patients following chronic opioid
use irrespective of opioid addiction, it is worth considering that the difference in response rates

between stimuli associated with valued and devalued stimuli was almost three times higher in non-
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addicted compared to the opioid-addicted patients, indicating a higher reliance on avoidance habits in
opioid addiction. Statistical non-significance is potentially related to small patient sample sizes in this
task and high within-group variance. To further complicate matters, early instrumental avoidance
learning (marked by a significant improvement in avoidance accuracy between the first and second
block of training) was apparent in opioid-addicted but not in non-addicted patients. Together with
higher activation of the caudate during training, a brain area critical for goal-directed action-outcome
learning (De Wit, Watson, et al., 2012; Tanaka et al., 2008), this implies intact goal-directed learning in
opioid-addicted patients. Thus, it is conceivable that both patient groups show different mechanistic
alterations both resulting in somewhat reduced adjustments to outcome devaluation. In non-addicted
patients, impaired goal-directed learning could result in weaker action-outcome associations, while
either increased habit formation or a deficit in the ability to exert goal-directed control over habits
could underlie lower adjustments in opioid-addicted patients. However, it is important to consider that
the finding of a lower differences in response rates following outcome devaluation in patients
compared to healthy controls only shows a trend towards statistical significance and given the small
sample sizes, it is not possible to draw final conclusions about habitual avoidance in patients with and
without opioid addiction from this data. Sufficiently powered replication is necessary to paint a clearer

picture of group differences in the interplay between goal-directed and habitual avoidance.

In the second task, participants learned to avoid an aversive auditory stimulus (the sound of crying
babies) by pressing a button. Following avoidance training, the causal relationship between behaviour
and outcome was decoupled, so that absence of button presses could also lead to avoidance of the
outcome. All three groups showed similar reductions in their causality judgement ratings, indicating
lower beliefs that the button press causally resulted in avoidance. Importantly, all three groups
reduced their response rate in accordance with the lowered causality rating, indicating intact goal-
directed behaviour in all groups, with no indication of increased reliance on avoidance habits in opioid-
addicted patients. In contrast to both the avoidance training in the Task 1 and the results from Chapter
6, patients showed similar instrumental avoidance compared to healthy participants, indicated by
similar response rates during non-degraded blocks. This is likely caused by the task design: Only a single
action-outcome association had to be learned, which could favour patients as opioid-addicted patients
had been previously demonstrated to only show impaired avoidance learning when a higher number
of associations had to be maintained simultaneously (Myers et al., 2017). It would be possible that
working memory detriments, demonstrated in chronic opioid users (Baldacchino et al., 2012, 2019),
impact more complex learning tasks, but do not affect patients in simple action-outcome learning
(Collins & Frank, 2012). It is also possible that the social nature of the aversive stimulus resulted in
increased avoidance motivation in patients, especially in opioid-addicted patients, who rated the

stimulus as highly unpleasant, positively correlated with initial avoidance responses. Such a valence-
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behaviour relationship was notably absent in other tasks reported in this thesis using non-social

aversive stimuli.

My secondary hypothesis was that the proposed imbalance between goal-directed and habitual
behaviour in opioid addiction would be specific to the aversive domain. | therefore tested whether
patients would show increased appetitive habits in a contingency degradation task based on reward-
learning which mirrored the aversive version discussed above. Both opioid-addicted and non-addicted
patients reduced their response rate following contingency degradation to a similar degree as healthy
participants, indicating goal-directed approach behaviour. Interestingly, non-addicted patients
reduced their response rate in the fully degraded condition even though they still believed the button
press caused the reward. This dissociation between behaviour and explicit causality judgment,
indicative of habits, was exclusive to non-addicted patients using opioids for the treatment of chronic
pain and occurred only in the appetitive, but not in the aversive condition, possibly indicating impaired
belief updating, which could be related to the impaired cognitive flexibility associated with the

chronification of pain (Attal et al., 2014).

To summarise, in this chapter | did not find definitive evidence to support that opioid addiction is
associated with a shift towards avoidance habits. While addicted patients showed nominally higher
habitual responding compared to non-addicted patients following outcome devaluation, this failed to
reach statistical significance. Whether this was caused by a true absence of a group difference or rather
caused by low statistical power is unclear. They also displayed intact goal-directed behaviour in a
simple active avoidance task in which action-outcome contingencies were degraded. A strong
theoretical foundation for a role of avoidance habits in the development of opioid addiction warrants
a replication of the present results in a sufficiently powered study sample. As predicted, the balance
between goal-directed approach behaviour and appetitive habits following chronic opioid use appears

to be intact.
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Chapter 9 - General Discussion

Opioids are highly potent pain relievers that exert their effects by changing the perceived aversiveness
of subjective states. Chronic use potentially alters how aversion is processed, affecting physical and
psychological well-being. In addition, following repeated use some develop addiction, a disorder
characterised by continued use despite considerable adverse consequences. Inter-individual
differences in aversion processing could either increase the risk of developing addiction or serve as
protective factors against it. In this thesis, my aim was to characterise aversion processing following
chronic opioid use and specify how addicted patients differ from non-addicted patients. Over the
course of the previous chapters, | investigated various aspects of aversion processing in chronic opioid
users, analysing behaviour on seven different experimental tasks as well as psycho-physiological and
neuroimaging data. In this concluding chapter, | will first briefly highlight key results of the study and
then integrate the findings in a way that allows to test my overarching hypotheses. Following this, |
will discuss strengths and limitations of the present study and provide some thoughts on possible
clinical implications of the findings. | will close with a short outlook on future research and some

concluding remarks.

9.1 - Summary of key findings

In Chapter 4, | tested whether recognising aversive emotions such as anger and fear differs between
patients with chronic opioid use and healthy participants. In contrast to my hypothesis, | did not find
group differences in overall or emotion-specific recognition ability, indicating that chronic opioid use
does not necessarily lead to impairments in processing social stimuli, aversive or otherwise. Instead,
there was an unexpected difference in recognising fearful expressions between the two patient

groups, in that opioid-addicted patients required a higher emotional intensity for fear recognition.

In Chapter 5, participants underwent functional MRI while completing a paradigm designed to
investigate Pavlovian fear and safety learning. | found no physiological stimulus discrimination in
patients, suggesting impaired fear conditioning following chronic opioid use. Importantly, responses
to the unconditioned stimulus, an individually calibrated unpleasant electric shock, did not differ
between the groups. Neuroimaging demonstrated paradoxically overlapping activation of brain

networks implicated in fear and safety processing in patients.

Chapter 6 applied a novel two-part aversive learning paradigm testing instrumental avoidance learning
while simultaneously analysing the influence of prior fear conditioning on avoidance behaviour.
Results from fear conditioning provided a conceptual replication of the findings in Chapter 5, as both
patient groups failed to show psycho-physiological stimulus discrimination despite intact responses to
the unconditioned stimulus (in this case a combination of aversive pictures and sounds). As
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hypothesised, patients showed impaired instrumental avoidance learning, indicated by a lower
avoidance accuracy compared to healthy participants. Moreover, opioid-addicted patients only
successfully learned from stimuli that had been previously paired with aversive outcomes, while non-

addicted patients showed an opposing pattern.

In Chapter 7, | compared the magnitudes of drug-related and non-drug-related Pavlovian-to-
Instrumental-Transfer and found a higher difference between the two in opioid-addicted patients
compared to non-addicted patients. More specifically, presenting images depicting opioid use that had
previously been paired with monetary gain biased addicted patients’ behaviour towards Go responses

on trials on which abstaining from responding would have been the optimal choice.

In Chapter 8, participants completed three different experimental tasks to test a proposed shift
towards habitual behaviour proposed to underlie the development of addiction. Two separate tasks
assessed the balance between goal-directed and habitual avoidance behaviour, and while responses
to an outcome devaluation procedure did show nominally higher habitual responding in opioid-
addicted patients, the effect was not significant. Importantly, behavioural and fMRI results relied on a
very small subgroup of patients, so that the results remain inconclusive. As a side note, in accordance
with the results from Chapter 6, instrumental avoidance learning was significantly attenuated in both
patient groups compared to healthy participants. A second task applied a contingency degradation
paradigm to test for habitual avoidance behaviour and found no evidence for group differences.
Interestingly, opioid-addicted patients rated the unpleasantness of a socially relevant aversive stimulus
utilised in this task (the sound of crying babies) as significantly higher than non-addicted or healthy
participants. A third task, included to test valence-specific habit formation, focused on the balance
between appetitive goal-directed and habitual behaviour and did also not yield any significant

differences between the three groups.

9.2 - Hypothesis 1: Altered aversion processing following chronic opioid use
The findings of this thesis are in partial agreement with my first hypothesis as some, but not other,
aspects of aversion processing were altered in patients with chronic opioid use. Notably, subjective
and physiological responses towards aversive stimuli were largely comparable between groups.
Participants reported similar levels of unpleasantness when rating aversive pictures. Skin conductance
responses, an implicit indicator of sympathetic arousal (Critchley, 2002), demonstrated similar psycho-
physiological reactivity towards aversive pictures and sounds across groups. These results add to a
heterogeneous literature regarding the responsiveness towards aversive stimuli following chronic
opioid use. Patients with opioid addiction have been shown to have higher (Aguilar De Arcos et al.,
2008; Gerra et al., 2003), equally high (Biernacki et al., 2018; Walter, Wiesbeck, et al., 2011), and lower
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(Smoski et al., 2011; Walter, Degen, et al., 2011; Z.-X. Wang et al., 2010) self-reported affective,
physiological or neural responses towards aversive stimuli compared to healthy participants,
suggesting that a variety of factors such as type of stimulus, current medication, and co-morbidities
contribute to alterations in aversion processing. In this thesis, patients and healthy participants also
showed comparable physiological and neural responses towards electric shocks. Groups also perceived
similar intensities of electric shock as “aversive but not painful”, which was unexpected as previous
research indicated lower pain thresholds in opioid-addicted patients as well as in patients with chronic
opioid use (OIH; Higgins et al., 2019; Trgstheim & Eikemo, 2024). However, while OIH has been robustly
demonstrated to produce lower pain thresholds in the cold pressor test (participants hold their hand
in 1°C water and report how soon they experience pain), electrical stimulation has been found to be
unaffected by OIH in opioid-addicted and non-addicted patients (Doverty et al., 2001; Hay et al., 2009),
potentially due to different underlying neurophysiological pathways (thermal nociceptors and C-fibres

for cold pressor pain, Ab-fibres for electrical stimulation). The present data supports this distinction.

Interestingly, while patients as a whole did not differ from healthy participants in recognising aversive
facial expressions such as angry or fearful faces, opioid-addicted patients required a higher intensity
of emotional expression for fear recognition compared to non-addicted patients. This dovetails
previous findings of diminished fear recognition in addicted patients (Bland & Ersche, 2020; Y.-T. Kim
et al., 2011; Trick et al., 2014). While this specific impairment could be a consequence of addiction-
related neuroadaptations in limbic brain structures underlying the processing of fearful expressions
(Adolphs et al., 1994; Zhao et al., 2013) or caused by drug-use related alterations in endocrine function
(Ersche et al., 2015), it is also possible that it predates the onset of opioid use, in which case it might
increase the risk of developing addiction. Difficulties in recognising fearful faces has been related to
alexithymia (Craparo et al., 2016), impaired socio-cognitive skills (Corden et al., 2006) and antisocial
personality traits (Marsh & Blair, 2008), all of which have been linked to opioid addiction (Compton et
al., 2005; Honkalampi et al., 2022; McDonald et al., 2013). Additionally, opioid-addicted patients, but
not non-addicted patients, rated the sound of crying babies as significantly more aversive compared
to healthy participants, with many addicted patients rating close to the scale maximum (“extremely
unpleasant”). This finding suggests a heightened reactivity towards aversive social stimuli, which,
together with reports of stronger feelings of social rejection in opioid-addicted patients (Bach et al.,
2019; Kroll et al., 2019) aligns with the notion that high sensitivity towards social stress is a key driver

underlying addiction (Heilig et al., 2016).

Aversive learning was found to be disrupted in patients with chronic opioid use. In two separate fear
conditioning tasks, patients displayed a lack of stimulus discrimination indicative of impaired Pavlovian

learning. This agrees with a previous study demonstrating diminished fear conditioning in opioid-
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addicted patients (Basden et al.,, 2016) and extends these findings to non-addicted patients. Fear
conditioning depends on processing aversive prediction errors (S. S. Y. Li & McNally, 2014; Spoormaker
et al., 2011), which are likely encoded in u-receptor-rich brain regions such as the insula and the PAG.
Structural changes and receptor desensitisation in these areas have been observed following chronic
opioid use (Bach et al., 2021; Bagley et al., 2005; Wollman et al., 2017), potentially disrupting efficient
functioning of the neural circuits underlying fear conditioning. The fMRI results reported here
demonstrate that some brain areas typically implicated in fear learning (Fullana et al., 2016) showed
inadequately high activation in response to safety signals (such as the caudate), suggesting
disorganised neural responses to threat and safety. Interestingly, other fear-related regions such as
anterior and posterior insula correctly tracked threat signals in patients. While the posterior insula
processes the intensity of aversive stimuli (Segerdahl et al., 2015), the anterior part tracks aversive
prediction errors (Hoskin & Talmi, 2023) and pain-related expectations (Fazeli & Biichel, 2018), which
suggests that the differential pairing of conditioned and unconditioned stimuli was successfully
registered. This leads to the conclusion that components of fear learning other than the processing of
aversive prediction errors might be impaired following chronic opioid use. For example, associability,
i.e. the extent to which a stimulus is expected to contribute to future learning (J. Li et al., 2011), gates
attention towards certain stimuli and determines whether prediction errors are used to update
outcome values. Associability is encoded in the amygdala (J. Li et al., 2011), a brain region reduced in
volume following repeated opioid use (Lin et al., 2016; Younger et al., 2011). In the present study,
patients showed reduced left amygdala activation during fear conditioning. If amygdala structure and
functioning were disrupted following chronic opioid use, insufficient attribution of associability to the
safety signal could explain why patients failed to reduce fearful responses, which would then result in
defunct stimulus discrimination. Ultimately, more in-depth computational analyses are warranted to
fully understand which mechanisms underlie the impaired fear conditioning following chronic opioid
use. Interestingly, in the non-addicted patient group, longer duration of opioid use was associated with
smaller physiological stimulus discrimination in both fear conditioning tasks, suggesting learning
deficits as a consequence of altered opioidergic function due to chronic use. The absence of such a
relationship in opioid-addicted patients could either imply that learning impairments predated opioid
use or that they are caused by addiction-related neuroadaptations. However, since the size of the
subsample on which this analysis was based was rather small, it is also possible that duration of use is
indeed associated with fear conditioning deficits in opioid-addicted patients, but statistical power was

insufficient to detect it.

In addition to the observed impairments in fear conditioning, patients with chronic opioid use showed
attenuated instrumental avoidance learning. This extends previous findings of reduced learning from

negative outcomes in opioid-addicted patients (Gradin et al., 2014; Myers et al., 2017) and
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demonstrates that this result is not limited to opioid addiction but also present in non-addicted
patients. Further solidifying this relationship, impaired avoidance learning in patients was observed in
two separate paradigms despite pronounced differences in task design: While the first was a
probabilistic learning task in which participants avoided monetary loss, the second resembled classic
active avoidance paradigms (Krypotos, 2015) in which participants learned to avoid electric shocks (as
training in a task testing avoidance habits). Comparison of avoidance accuracy of healthy participants
in the two tasks suggested higher task difficulty in the former (mean accuracy: ~ 67%) compared to the
latter (mean accuracy: ~ 90%), which might be relevant as opioid-addicted patients differed from
healthy participants only at higher task difficulties in a previous study (Myers et al., 2017). In this thesis,
results were similar between tasks: In both tasks, patients did learn to avoid aversive outcomes but
did so with lower accuracy compared to healthy participants. While this underscores the robustness
of the finding, other results from this thesis demonstrate its specificity. In an avoidance task that
required very little learning, avoidance response rates were similar between the three groups, showing
that not avoidance behaviour per se is reduced but rather avoidance learning. Additionally, while not
the primary focus of this task, behaviour in the instrumental learning phase of the PIT paradigm
revealed no group differences in accuracy for instrumental reward learning, further demonstrating
that deficits are specific to aversive learning instead of instrumental learning in general. One possible
explanation for this key result is that avoidance learning hinges on successful fear conditioning
(Mowrer, 1951). Following this logic, avoidance accuracy would be attenuated due to the defunct fear
conditioning in the two patient groups, as people only avoid what they have learned to fear. Opposing
this notion, however, | found no significant correlations between stimulus discrimination during fear
conditioning and avoidance accuracy during avoidance learning for any group. While the two learning
mechanisms are without doubt intertwined and share an overlapping neurobiology (Fullana et al.,
2016; H. Kim et al., 2006), more recent theories postulate a complex relationship between the two,
with cognitive constructs such as outcome expectancy crucially modulating avoidance behaviour
(Krypotos, 2015; Lovibond et al., 2008). This is related to contemporary accounts of both aversive
learning mechanisms that stress the importance of learning from violated predictions (Maia, 2010). In
instrumental learning, predicted outcome values of competing behavioural options are weighed
against each other and the option with the lowest aversive value is selected. Fear conditioning fMRI
findings discussed in the previous paragraph suggest that the tracking of aversive values is intact in
patients with chronic opioid use and that other processes instead cause attenuated aversive learning.
Neuroimaging results from a study investigating avoidance learning in opioid-addicted patients
showed reduced ventral striatum activation when encoding avoidance (i.e. positive) prediction errors
(Gradin et al., 2014). This could mean that learning from negative outcomes is indeed intact, but

learning from avoiding these outcomes is not. Additionally, during decision-making patients showed
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reduced activation of the inferior frontal gyrus (Gradin et al., 2014), associated, among others, with
switching from initial exploratory to exploitative choice behaviour (Domenech & Koechlin, 2015).
Diminished function in this brain area could imply that, despite correct value computation, action
selection remains explorative in patients, favouring more random choices and explaining the sub-
optimal choice behaviour. Latent parameters such as choice randomness or different learning rates
from positive and negative prediction errors could be quantified by fitting generative models on the

behavioural data, which might help to clarify the mechanisms underlying impaired avoidance learning.

Intriguingly, further analysis revealed that patient groups differed in how previous fear conditioning
impacted instrumental learning, in that opioid-addicted patients only learned to avoid money loss from
stimuli that had previously been paired with aversive material. One possible explanation for this could
be that fear conditioning increased the aversive value of these stimuli, promoting avoidance of these
stimuli (conditioned avoidance; Maia, 2010). If that was the case, however, one would expect higher
avoidance rates for the aversively conditioned stimuli in early trials, indicative of a general avoidance
bias, instead of the finding that addicted patients significantly improved their accuracy only in regard
to these stimuli. Rather, this could be explained by the increased salience of the aversively paired
stimuli enabling learning. In probabilistic instrumental learning environments, efficient learning from
prediction errors is only possible when stimuli possess sufficient salience (Boehme et al., 2015) and it
is possible that opioid-addicted patients require highly salient stimuli for effective value updating,
potentially due to addiction-related aberrant salience attribution when non-drug-related stimuli are
concerned (Zilverstand et al., 2018). Non-addicted patients, on the other hand, displayed an opposing
pattern, only learning from stimuli that were not previously used in fear conditioning. More in-depth
analysis is warranted to better understand which mechanistic processing underlies the differential

learning profiles in the two patient groups.

To summarise, while the processing of non-social aversive stimuli remained unchanged, aversive
learning was attenuated following chronic opioid use. In addition, the processing of aversive social

stimuli differed between patients with and without opioid addiction.

9.3 - Hypothesis 2: Specific impairments in requlatory control over avoidance behaviour

The findings of this thesis are in partial agreement with my second hypothesis. In a Pavlovian-To-
Instrumental Transfer paradigm, the presentation of drug-related stimuli previously paired with
reward biased decision-making towards sub-optimal approach behaviour in addicted, but not in non-
addicted, patients. The results are in line with the incentive sensitisation theory (Robinson & Berridge,
1993), which states that the strong hedonic impact (“liking”) of addictive drugs results in high incentive
salience (“wanting”) of drug-use related stimuli. Incentive salience is an adaptive mechanism directing
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attention and motivation towards stimuli associated with pleasant states (Olney et al., 2018); however,
fuelled by the pharmacological properties of psychoactive drugs (S. Pecifia & Berridge, 2013), drug-
related stimuli can induce a strong approach bias, contributing to the development of compulsive drug
use. PIT presents an opportunity to experimentally assess incentive salience (Olney et al., 2018), which
to date has not been tested in opioid-addicted patients. The findings of increased drug-related PIT
presented in this thesis therefore provide novel evidence for incentive sensitisation in opioid addiction.
The absence of higher drug-related compared to non-drug-related PIT in non-addicted patients
suggests this effect as an important distinction between the groups. If encountering opioid use-related
stimuli elicits strong “wanting” in some opioid users, but not in others, this would increase the risk of
the former and decrease the risk of the latter group to use opioids despite knowledge of potential
detrimental consequences. Pronounced drug “wanting” is often equated with craving®, a
preoccupation with drug use that often results in relapse (Vafaie & Kober, 2022). The relationship
between craving and relapse has been repeatedly demonstrated in opioid-addiction (McHugh et al.,
2014, 2016; Murphy et al., 2018), and while factors other than exposure to opioid use-related stimuli
can also increase craving (such as stress; Hyman et al., 2007; Preston et al., 2018), drug-related PIT
could represent an underlying neurocognitive mechanism. Notably, the magnitude of behavioural and
neural PIT predicted relapse in detoxified patients addicted to alcohol (Garbusow et al., 2016;
Sekutowicz et al., 2019) and it is possible that a similar relationship could be found in opioid addiction.
The finding that craving is an important predictor for future opioid use in chronic pain patients (Wasan
et al., 2009) further underscores the idea that high opioid “wanting” could help to identify who is at-
risk to develop difficulties maintaining control over opioid use. Before, however, the reliability of the
findings presented in this thesis have to be tested and longitudinal measures have to clarify the

potential relationship between PIT and prospective drug-use related measures.

Contrary to my hypothesis, | did not find any conclusive evidence for an imbalance between goal-
directed and habitual control over avoidance behaviour in opioid-addicted patients. The habit theory
of addiction (Everitt & Robbins, 2005, 2016) proposes that a gradual shift in regulatory control
promotes the development of compulsive drug use, with use progressing from goal-directed behaviour
into a stimulus-response habit. While evidence suggests this to be the case for cocaine addiction
(Ersche et al., 2016, 2021), this has not yet been tested in opioid-addicted patients, where, contrary to
the rewarding effects of psychostimulants, use is thought to be driven by negative reinforcement
(Koob, 2020; Pantazis et al., 2021). This suggests an over-reliance on habitual avoidance as a driving
factor behind the development of opioid addiction (see also Ersche et al., 2016; Robbins, 2019). Here,

| tested the balance between goal-directed and habitual avoidance in different tasks designed to

8 Although some authors note that ,wanting” represents a rather short-lived desire that can easily be ignored,
while “craving” is more intense and intrusive (e.g. DiFranza, 2016).
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induce conflict between the two. In the first task, participants learned to avoid electric shocks to their
left or right wrist before one of the two shock electrodes was disconnected. Following this procedure,
opioid-addicted patients reduced their response behaviour only by 11% compared to a 31% reduction
in non-addicted patients and a 44% reduction in healthy participants. While this difference is indicative
of habitual avoidance, it failed to reach statistical difference. Crucially, this analysis only included data
from seven addicted and fifteen non-addicted patients, severely limiting its interpretability due to a
lack of statistical power. In a similar vein, neuroimaging findings from this task have to be taken in with
caution. While | found no differences in neural activation between the two patient groups during the
habit test, opioid-addicted patients reported higher activation in the caudate (associated with goal-
directed behaviour) and lower activation in the preSMA (associated with habits; De Wit et al., 2012)
during avoidance training, contrasting behavioural results. Ultimately, the small sample size of the
dataset does not allow for any strong claims regarding neural substrates of goal-directed and habitual
avoidance, warranting replication in a sufficiently powered sample. A second behavioural task could
draw on sufficient sample sizes and utilised a contingency degradation paradigm, in which
performance of avoidance behaviour is gradually decoupled from its outcome. In this novel task,
participants across groups correctly tracked the diminishing causal relationship between action and
outcome and adapted their avoidance behaviour accordingly, indicating goal-directed behaviour.
Multiple explanations for the unexpected absence of increased habitual tendencies in opioid-addicted
patients are conceivable. Predominance of habitual avoidance could be state-dependent, meaning
that it would only be apparent in certain (albeit critical) situations. To promote compulsive opioid use,
it would be sufficient if regulatory control over avoidance behaviour shifted towards habits in states
of withdrawal. As long as patients’ opioidergic tone is high, their behaviour could be goal-directed, but
once the low opioidergic tone and high stress levels — both factors that facilitate habitual behaviour
(Schwabe et al., 2012; Voon et al., 2020; Wassum et al., 2009) - associated with opioid withdrawal set
in, behaviour could be governed by stimulus-response habits, prompting drug use. This could explain
why, in the present study, patients on OMT with no signs of withdrawal did not show habitual
avoidance. Incidentally, entering the MRI environment can induce physiological and subjective stress
(Tessner et al., 2006), which could be why | found a trend towards group differences in the first task
but not in the behavioural task conducted outside of the MRI environment. It is also possible that the
absence of the hypothesised findings is due to the subgroup of opioid-addicted patients included in
the present study. The majority (87%) reported no present use of illicit opioids, with an average self-
reported abstinence from heroin of over 10 years. While opioid addiction is a chronic disorder and
relapse after prolonged abstinence is not uncommon (Strang et al., 2020), it is possible that patients
included in this study have re-gained control over opioid use, an assumption supported by relative low

scores on a questionnaire assessing compulsive drug use compared to other studies in OMT patients
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(e.g. Blanken et al., 2012; Chang & Peters, 2023). Hence, it is possible that opioid-addiction is indeed
associated with increased habitual tendencies, but patients can learn to overcome these tendencies,
allowing them to abstain from use. Lastly, it is important to acknowledge the possibility that opioid
addiction is, in fact, not characterised by increased habitual avoidance. An overreliance on habits has
been previously demonstrated in addiction to cocaine (Ersche et al., 2016, 2021) but not, for example,
nicotine (Luijten et al., 2020), with mixed findings for alcohol (Sjoerds et al., 2013; Van Timmeren et
al., 2020). Psychoactive drugs vastly differ in their pharmacological profiles, with particularly opposing
effects between opioids and psychostimulants such as cocaine (Badiani et al., 2011). Cocaine use
rapidly increases extra-cellular dopamine (Volkow et al., 1997), the neurotransmitter primarily
implicated in habit formation (Belin & Everitt, 2008; De Wit, Standing, et al., 2012), thus potentially
facilitating habitual behaviour. While dopaminergic neurotransmission likely also contributes to the
effects of opioids, its role in opioid addiction is less clear-cut compared to stimulants (Badiani et al.,
2011; Daglish et al., 2008). Lower dopaminergic activity following opioid use compared to stimulant

use could therefore potentially explain the difference in habit formation.

To summarise, while regulatory control was not found to favour habitual over goal-directed avoidance
in opioid-addicted patients, presentation of drug-related Pavlovian stimuli paired with monetary gain

induced an approach bias into patients’ behaviour.

9.4 - Strengths and limitations

This study utilised a comprehensive set of behavioural tasks that allowed to systematically characterise
aversion processing following chronic opioid use. Some of the tasks applied in this thesis have been
previously validated in patient samples, while others are unpublished, contributing to the novelty of
the findings. Notably, the behavioural constructs under investigation were partly overlapping between
tasks, enabling conceptual replication of the underlying mechanisms, (i.e. testing of the same
psychological phenomenon in a different parameter space; Derksen & Morawski, 2022). For example,
the finding of impaired fear conditioning in patients was initially derived from a task in which pictures
of angry faces were partially reinforced with aversive electric shocks. The fact that the same result was
also obtained in a different task using deterministic pairing of coloured patterns with aversive images
and sounds underscores its robustness. In similar fashion, the finding of impaired avoidance learning
could be conceptually replicated in a separate task using different stimuli and behavioural outcome
measures. Moreover, while the focus of the study concerned aversion processing, some tasks also
tested aspects of reward processing (such as instrumental reward learning or appetitive habit
formation), which allowed to contrast aversion- and reward-related results. This increased the

specificity of the findings, such as identifying impaired instrumental avoidance but intact instrumental
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reward learning in patients. Functional neuroimaging and skin conductance responses provided
additional data sources, offering context when interpreting behavioural results. Another strength of
the study consisted of the three-group design, which included opioid-addicted patients, non-addicted
patients, and healthy participants. Most studies investigating chronic opioid use in the past compared
one patient group to a healthy control group, often leading to ambiguous results where it is unclear
whether chronic opioid use is directly related to the observed effect, whether it might have predated
use, or whether third variables explain the findings. While this study is not the first to compare opioid-
addicted patients to non-addicted patients (e.g. Baldacchino et al., 2015, 2019), it is the first to do so
while decidedly investigating aversion processing, a construct central to understanding opioid use
trajectories. Additionally, patients included in this study were carefully selected to ensure that opioid-
addicted patients had no current stimulant use and had at no point in their life been addicted to
stimulants. Studies of avoidance behaviour in patients with stimulant addiction and co-morbid opioid
addiction revealed patterns similar to patients only addicted to stimulants (Ersche et al., 2016; Lim et
al., 2019), suggesting that high stimulant use might overshadow more subtle effects pertaining to
opioid addiction. Therefore, the present sample provides a rare opportunity to observe psychological

and neural correlates of chronic opioid use isolated from psychostimulant use.

The aforementioned inclusion of non-addicted patients with chronic opioid use is a major strength of
this study. However, it has to be acknowledged that patients from this group are currently in treatment
for a number of severe pain syndromes. Chronic pain is associated with changes in attention,
motivation, mood, and learning (Simons et al., 2014) and has also been linked to altered aversion
processing, such as fear conditioning (Meulders et al., 2015; Schlitt et al., 2022) and aversive Pavlovian-
To-Instrumental Transfer (Nees et al., 2020). Moreover, escalating avoidance behaviour, proposed in
this thesis as a crucial variable in the development of opioid addiction, is also central to a family of
theories regarding the chronification of pain (so called fear-avoidance models; Vlaeyen et al., 2016).
To further complicate matters, different chronic pain syndromes have been linked to different patterns
of aversion processing (e.g. Icenhour et al., 2015; Jenewein et al., 2013). This encumbers differentiating
which of the alterations observed in this thesis are directly related to opioid use and which pertain to
the presence of chronic pain. Correlations of task measures with opioid use characteristics such as
duration of use can serve as indicators but can also be confounded by pain characteristics such as
duration of chronic pain, which was not assessed in the study. Since no chronic pain patients without
opioid use were included in this study, it is impossible to make specific claims regarding opioid use,
and the rather small sample size did not allow for subgroup analyses into different chronic pain
syndromes. The same is the case for the different types of opioids prescribed to patients, which differ
in their pharmacological profiles (e.g. methadone acts as a full p-agonist, buprenorphine as partial p-

agonist and k-antagonist, tapentadol as p-agonist and noradrenaline reuptake inhibitor), and the
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diverse list of adjunct medications prescribed in both groups (e.g. selective serotonin reuptake
inhibitors, GABA agonists) that could possibly influence task outcomes®. On another note, all patients
in our study have recently used opioids, so it is ultimately not possible to disentangle acute and chronic
opioid effects. While some task measures in this thesis were associated with opioid dose and thus
might be considered related to acute effects, this is likely confounded by tolerance and, potentially,
pain intensity or interference in non-addicted patients. Some study designs have attempted to parse
out acute and chronic effects by testing some patients before and some after taking their prescribed
medication (e.g. Carlyle et al., 2020; Gradin et al., 2014). Ultimately, one has to acknowledge that
aversion processing following chronic opioid use is shaped by a steady and partially idiosyncratic
interplay between acute use, within-system tolerance, addiction-related between-systems
adaptations, and predispositions. Given the high heterogeneity in opioid use characteristics, the fact
that this thesis identified consistent and replicable group effects speaks to the robustness of the

findings.

9.5 - Clinical implications

A first encouraging outcome from this study concerns the potential of OMT to reduce harm in patients
with opioid addiction. Patients were enlisted in OMT for an average of 14 years and at the time the
study was conducted almost all patients had ceased illicit heroin use, with an average time of
abstinence of over 10 years. No patients reported any intravenous drug use, associated with the most
severe harmful consequences of opioid addiction, including fatal overdoses (Warner-Smith et al.,
2002). Additionally, patients reported low levels of craving, even after completing an experimental
task where drug-related pictures were displayed, while low scores on the OCDUS indicated low levels
of preoccupation with and interference by drug-related thoughts (Franken et al., 2002). Since inclusion
criteria of this study introduced a selection bias into the sample, this cannot be taken as evidence for
the efficacy of OMT; it does, however, illustrate that at least some patients in OMT are able to

deescalate the spiral of opioid addiction.

One key finding from this thesis indicates that, in opioid-addicted patients only, pictures related to
opioid use that have been previously paired with pleasant outcomes can increase approach behaviour
despite negative consequences. It is well established that exposure to opioid-related stimuli increases

craving and risk of relapse (Back et al., 2014; Fatseas et al., 2011) and PIT presents a probable

9 Serotoninergic transmission especially has been implicated in processing and learning from aversive stimuli
(Crockett & Cools, 2015). Additionally, increasing serotonin levels have been associated with reducing compulsive
drug use (Y. Li et al.,, 2021). Chronic opioid use in pain patients has been found to lower activation at
serotoninergic receptor sites (Baliki et al., 2024), which warrants further investigation regarding the role of
serotonin in the development of opioid addiction.
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underlying mechanism (Berridge & Robinson, 2016). While reducing incentive salience towards drug-
related stimuli seems like a promising avenue for addiction treatment, one has to proceed carefully.
Following cue-exposure therapy, where patients watched videos displaying drug-use on their own, a
disproportionally high number of patients with opioid addiction dropped out of treatment and
relapsed, compared to an active control group (Marissen et al., 2007). Novel treatment approaches
have to make sure to equip patients with methods of coping with states of high drug “wanting”. As an
example, mindfulness-based treatment approaches aim to prevent relapse by strengthening top-down
control over bottom-up urges elicited by drug-related stimuli, redirecting attention away from
associated drug effects (Garland, 2024). Mindfulness interventions have been demonstrated to result
in decreased physiological and neural responses to opioid-related cues and reduced craving in chronic
pain patients with opioid misuse (Garland et al., 2014, 2019). While this is promising, these findings

have yet to be extended to patients with opioid addiction.

The finding of impaired avoidance learning in opioid-addicted patients is particularly relevant. It
implies that the threat of punitive measures, such as exclusion from a treatment program following
relapse, will be largely ineffective given the suboptimal decision-making when it comes to avoiding
negative consequences. A similar logic makes it improbable that the risk of draconic legal
consequences (associated with “law and order” policies) would successfully deter addicted patients
from use. Patients showed no impairments, on the other hand, in instrumental reward learning,
indicating that leveraging incentives instead of punishments as motivation could be more effective.
Contingency management, where patients receive rewards for meeting certain treatment goals (such
as negative urine screens indicating abstinence), has been shown to successfully reduce illicit drug use
and improve treatment adherence in opioid-addicted patients in OMT (Bolivar et al., 2021). However,
ultimately, it is important to acknowledge that opioid addiction is a complex disorder and incentivising

patients against drug use only treats symptoms and not underlying causes.

Non-addicted patients included in this study had been using opioids for an average of 7 years without
evidence of misuse, further demonstrating that long-term opioid use alone is not sufficient for
developing addiction. Interestingly, while some known risk factors for the development of opioid
addiction such as male gender and low formal education (Strang et al., 2020; Webster, 2017) were
indeed more prevalent in the opioid-addicted group, other established risk factors such as a family
history of drug abuse, severity of childhood abuse or depressive symptoms were equally pronounced
in non-addicted patients, indicating a complex interaction between potentially cumulative risk factors.
Non-addicted patients reported high intensities of chronic pain despite daily opioid use, underscoring
the limited efficacy of opioids in treating chronic non-cancer pain (Ballantyne & Shin, 2008; Reinecke

et al., 2015). Together with recent research stating that long-term opioid therapy is associated with
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greater pain interference and detriments to emotional functioning in chronic pain patients (Rached et
al., 2022), this corroborates that opioids, while effective in treating acute pain, may lead to detrimental
outcomes when prescribed long-term. Lastly, the findings of impaired avoidance learning reported
here might be relevant in face of the recent popularity of the fear-avoidance model of chronic pain
(Vlaeyen et al., 2016). This theory states that patients that tend to avoid pain-related activities enter a
self-reinforcing cycle of fear of pain, negative mood, and disability, which favours the chronification of
pain, while patients that tend to actively approach their recovery process are able to restore mobility,
resulting in higher self-efficacy and positive affect. On this basis, one would perhaps expect
disproportionally high avoidance behaviour in patients with chronic pain, which was not the case in
this thesis. However, patients displayed reduced avoidance accuracy, potentially indicating sub-
optimal decision-making when it comes to avoiding negative outcomes. Experimental paradigms
modelling approach-avoidance conflicts (e.g. Pittig et al., 2018) should be well suited to investigate
fear-avoidance scenarios related to pain chronification. Additionally, although not statistically
significant, non-addicted patients showed a trend towards reduced responsiveness to aversive
outcome devaluation, which indicates an increased tendency for avoidance habits. The role of habitual
avoidance has not received much attention so far in the domain of chronic pain; following this line of

research could be a promising endeavour.

9.6 - Conclusion

This thesis for the first time systematically characterises aversion processing in patients with chronic
opioid use. Results indicate deficits in both Pavlovian fear conditioning and aversive instrumental
learning in patients with and without opioid addiction, although underlying mechanisms may differ
between the two groups. In general, subjective and physiological responses towards aversive stimuli
were comparable to healthy participants, but opioid-addicted patients especially showed specific
alterations in processing aversive social stimuli, which warrants further study. Moreover, novel and
valuable insights emerged into the motivational properties of opioid use-related visual stimuli in
addicted patients. The high incentive salience attributed to drug-related pictures has been proposed
to promote relapse and thus contribute to the maintenance of addiction. In this thesis, such stimuli
elicit a disadvantageous approach bias in addicted, but not non-addicted, patients, which could provide
a neurocognitive basis for cue-induced relapse. Future research should address how this relates to
prospective drug use outcomes and treatment success. Finally, contrary to expectations, no conclusive
evidence for an overreliance on avoidance habits was found in opioid-addicted patients. While
methodological constraints could explain this result, it is also possible that chronic opioid use, contrary

to regular psychostimulant use, does not facilitate habit formation. In addition, the role of habitual
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avoidance in chronic pain warrants future investigation. Taken together, the results of this thesis shed
light on the relationship between aversion processing and chronic opioid use and provide multiple

avenues for understanding and treating opioid addiction.
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Summary

For millennia, humans have used opioids to relieve physical pain, anxiety, and insomnia. Today, opioids
often provide a last resort for patients with chronic pain for whom other treatments fail. Repeated
use, however, carries a risk of misuse and around 10 to 20 percent of users develop opioid addiction,
a chronic disorder characterised by continued opioid use despite severe adverse consequences. Who
develops addiction and who does not is a poorly understood, yet critically important question,
especially in light of the current opioid overdose epidemic in North America, costing over 100,000 lives

per year.

Functionally, opioids exert their effects by stimulating the p-receptor system which manipulates the
perceived aversiveness of states. Chronic use results in neuroadaptations to this system, potentially
disturbing aversion processing, an umbrella term for mechanisms related to the experience of disliking
a stimulus or state. In this thesis, my aim was to systematically characterise aversion processing
following chronic opioid use with and without addiction in order to 1) identify potential alterations
related to chronic opioid use and 2) clarify which aspects of aversion processing are specifically altered
in addicted patients and might thus contribute to the development or maintenance of opioid addiction.
For this, | analysed behavioural, psycho-physiological, and functional neuroimaging data of 86
participants, 23 of whom were addicted to opioids and 25 were not addicted, but were using opioids

chronically for the treatment of chronic pain.

While subjective and physiological responses towards aversive stimuli were by and large similar to
healthy participants, both patient groups displayed attenuated fear conditioning as well as aversive
instrumental learning. Opioidergic neurotransmission underlies aversive prediction error signalling,
which suggests that chronic opioid use might lead to the observed learning deficits. However, the
cross-sectional nature of this study does not allow for causal inferences on the relationship between
chronic opioid use and altered aversive learning. As hypothesised, opioid-addicted patients showed a
higher motivational response to drug-related pictures compared to neutral pictures that had
previously paired with rewards. Crucially, presentation of drug-related stimuli induced a behavioural
bias, promoting approach over avoidance in disadvantageous situations and potentially contributing
torelapse in opioid addiction. Contrary to theoretical considerations, there was no conclusive evidence
for an overreliance on habits in opioid-addicted patients, indicating intact regulatory control over

avoidance behaviour.

In summary, this thesis provides valuable evidence on aversion processing following chronic opioid use

and offers novel targets for understanding and treating opioid addiction.
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Seit Jahrtausenden gebrauchen Menschen Opioide um Schmerzen, Angst und Insomnie zu lindern.
Heutzutage stellen Opioide haufig fir Patient:innen mit chronischen Schmerzen eine letzte Chance
dar, wenn andere Behandlungsoptionen scheitern. Wiederholter Gebrauch birgt ein gewisses
Missbrauchsrisiko und etwa 10 bis 20 Prozent von Menschen, die Opioide gebrauchen, entwickeln
Opioidabhdngigkeit, eine chronische Erkrankung, die von anhaltendem Gebrauch trotz schwerer
negativer Folgen gekennzeichnet ist. Wer abhangig wird und wer nicht ist eine nur schlecht
verstandene, aber hochrelevante Frage, gerade vor dem Hintergrund der gegenwartigen Opioidkrise

in Nordamerika, die jedes Jahr Giber 100 000 Menschenleben fordert.

Opioide erzielen ihre Wirkung, indem sie das p-Rezeptorsystem stimulieren, das die wahrgenommene
aversiveness eines Zustands verandert. Chronischer Gebrauch resultiert in Neuroadaptionen und stort
moglicherweise aversion processing, ein Uberbegriff fiir Mechanismen, die mit dem Nicht-M&gen von
Reizen oder Zustanden zusammenhangen. In dieser Thesis war es mein Ziel, aversion processing nach
chronischem Opioidgebrauch mit und ohne Abhangigkeit systematisch abzubilden, um 1) potenzielle
opioidbezogene Verdnderungen zu identifizieren und 2) herauszuarbeiten, welche Aspekte von
aversion processing spezifisch bei abhangigen Patient:innen verandert sind und daher zur Entstehung
oder Aufrechterhaltung von Abhangigkeit beitragen kdonnten. Daflir habe ich Verhaltens-, psycho-
physiologische und funktionale Bildgebungsdaten von 86 Teilnehmer:innen analysiert, von denen 23
opioidabhangig waren und 25 nicht opioidabhdngig waren, aber Opioide chronisch zur

Schmerzbehandlung einnehmen.

Subjektive und physiologische Reaktionen auf aversive Reize waren im Groflen und Ganzen
vergleichbar zu gesunden Teilnehmer:innen. Beide Patient:innengruppen zeigten reduziertes fear
conditioning und aversives instrumental learning. Opioiderge Signale bilden die Basis fiir aversive
Vorhersagefehler, was andeutet, dass chronischer Opioidgebrauch zu den beobachteten Lerndefiziten
flhren konnte; der Querschnittansatz dieser Studie lasst allerdings keine kausalen Schliisse zu. Wie
vorhergesagt zeigten opioidabhdngige Patient:innen stiarkere motivationale Reaktionen auf
opioidbezogene Bilder verglichen mit neutralen Bildern, die zuvor mit einer Belohnung gepaart
wurden. Opioidbezogene Bilder l6sten einen bias aus, der zu Anndherungs- statt Ver-
meidungsverhalten in unvorteilhaften Situationen fihrt und moglicherweise Riickfdlle beglinstigt.
Entgegen theoretischer Annahmen gab es keine stichhaltige Evidenz fiir einen Gbermaligen Bezug zu
gewohnheitsmaRigen Verhalten bei abhadngigen Patient:iinnen, die intakte Kontrolle (ber

Vermeidungsverhalten zeigten.

Diese Thesis liefert wertvolle Erkenntnisse Uber aversion processing nach chronischem
Opioidgebrauch und identifiziert neue Ansatze, um Opioidabhdngigkeit zu erforschen und zu

behandeln.
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